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Abstract
In recent times, an increasing global aridification due to climate transformations and unceasing
expansion of population have posed enormous challenges on the environment and its agricul-
tural provision. Researchers and scientists are faced with significant challenges to enhance yield
while facing shortage of fertile land due to environmental changes. In this regard, many tech-
nologies have been employed to monitor and enhance the crops production. However, certain
limitations such as low resolution, destructive nature, cost, sensitivity and reactive nature of
technology have markedly reduce their application in modern agriculture. The mounting pres-
sure of more yield with limited fertile land due to environmental changes demands for proactive,
cost-effective, real-time, feasible and non-destructive technique in perpetual plants’ health mon-
itoring in order to maintain a healthy physiological status of plants leaves, and to drive the crops
productivity and achieve economic benefits. With this motivation in mind, we potentially high-
light the evolving application of terahertz (THz) technology (due to its non-ionising and less
pervasive radiation properties) with machine learning (ML) for the proactive vegetation moni-
toring.
In this thesis, we proposed a novel, non-invasive, and cost-effective technique to charac-
terise and estimate the real-time information of water contents (WC) in plants leaves and fruits
at cellular level in terms of electromagnetic parameters at THz frequency range from 0.75 to 1.1
THz. . It is was noticed that loss observed in WC on day 1 was in the range of 5% to 22%, and
increased from 83.12% to 99.33% on day 4. Furthermore, we observed an exponential decaying
trend in the peaks of the real part of the permittivity from day 1 to 4, which was reminiscent of
the trend observed in the weight of all leaves.
The study also highlights the proactive approach by integrating THz with ML for the ac-
curate and precise estimation of WC in plants and fruits slices including apple and mango,
respectively. The results obtained from the amalgamation of ML with THz for the estimation
of WC in plants leaves demonstrated that support vector machine (SVM) outperformed other
classifiers using tenfold and leave-one-observations out cross-validation for different days clas-
sification with an overall accuracy of 98.8%, 97.15%, and 96.82% for Coffee, pea shoot, and
baby spinach leaves respectively. In addition, using sequential forward selection (SFS) tech-
nique, coffee leaf showed a significant improvement of 15%, 11.9%, 6.5% in computational
time for SVM, K-nearest neighbour (KNN) and Decision-tree (D-Tree). For pea-shoot, 21.28%,
i
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10.01%, and 8.53% of improvement was noticed in operating time for SVM, KNN and D-Tree
classifiers, respectively. Lastly, baby spinach leaf exhibited a further improvement of 21.28% in
SVM, 10.01% in KNN, and 8.53% in D-tree in overall operating time for classifiers. The results
illustrated that the performance of SVM exceeded other classifiers results using 10-fold valida-
tion and leave-one-observation-out-cross-validation techniques. Moreover, all three classifiers
exhibited 100% accuracy for day 1 and 4 with 80% Moisture content (MC) value (freshness)
and 2% MC value (staleness) of both fruits’ slices, respectively. Similarly, for day 2 and 3, an
accuracy of 95% was achieved with intermediate MC values in both fruits’ slices.
In addition, in this work, the preservation of clean water without any harmful impurities
is also addressed for the health, environmental protection, and economic development. For this
purpose, a realistic technological solution method and application of Fourier transform Infrared
Spectroscopy (FTIR) operates at THz waves enabled by ML is also discussed in detail. The
suggested technique can provide the approximate prediction and detection of even the smallest
of contaminants in distilled water due to high sensitivity and non-destructive nature and also
produce high optical throughput. Moreover, it was found that random forest (RF) with 97.98%,
outperformed other classifiers for estimation of salts concentration added in aqueous solutions.
However, for sugar and glucose concentrations, SVM exhibited a higher accuracy of 93.11%
and 96.88%, respectively, compared to other classifiers
The proposed novel study using THz wave and incorporating ML are beneficial and pro-
vide prolific recommendations, and insights for cultivators, and horticulturists to take proactive
actions in relations to both vegetation and water health monitoring, which in turn, can help in re-
ducing the health and purification expenses by providing early alerts to protect the public health,
increase yield with limited land, which will ultimately optimise economic benefits.
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Chapter 1
Introduction
Over the past decade, climate transformations and increasing growing population have predicted
an increment in the occurrence of scarcity of water resources in many parts of world [1]. This
growing deficiency of water and startling environment has posed enormous challenges in vari-
ous fields of plant science sector and received strong impetus to researchers and scientists [1].
Since, agriculture is considered as the spine in the overall development of countries especially
in developing countries due to its significant role in enhancing economic development of coun-
try [1,6]. Therefore, it is imperative to develop a feasible strategies and cost-effective techniques
for the timely detection of drought symptoms in leaves at an early stage, while effectively uti-
lizing water distribution in the field of plant to take proactive action in relation to plants health
monitoring closely, and for precision agriculture applications, which is of high importance to
improve the overall crops productivity and obtain economic benefits [2–4]. Moreover, the quan-
titative determination of water content WC in living plant leaves provides significant and valu-
able information to growers, cultivators to circumvent any unforeseen situation of plant drought
stress [4, 5].
In recent years, the emerging applications of terahertz (THz) technology has captivated nu-
merous researchers and scientists with a different background working on a wide range of sub-
jects due to its distinctive characteristics and viable opportunities offered in various fields [7,8].
Some of the applications that have been derived from these unique features are medical imaging
for non-invasive diagnostics of dental care and skin cancer, security imaging of invisible items,
atmospheric studies, processing the quality control of food,high- frequency communication and
non-contact imaging for protection of paintings and manuscripts [7, 9, 10].
Although there has been significant progress of THz applications in various fields such as
biomedical imaging, diagnostic applications. However, its potentials to propagate satisfactorily
through plants is still one of the least examined research areas until now. In this respect, some
of the elementary and significant aspects of THz transmission through various sections of veg-
etations, e.g. fruits, vegetables, leaves still need to be accomplished [11, 12]. The estimation
of leaf water content is of immense interest to the cultivator, horticulturists, researchers,as well
1
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as scientists in various fields of applied plant biology due to growing aridification [13]. It con-
tributes immensely to avoiding plant drought stress as well as provides valuable information in
irrigation management. The water detection in plants has mainly relied upon the degree of water
existence in plants and is considered as a strong absorber of THz frequency.
In recent times, significant amount of efforts have been made in the field of agriculture such
as monitoring and controlling of environmental systems, crops productivity enhancement, pro-
tection of crops from any pathogen attacks, and especially, monitoring the appropriate amount
of water content in leaves by using various methods [7, 16, 17]. In this context, the focus is
mainly deployed on THz technology for the investigation of WC in leaves, which have been
vastly researched in numerous publications aiming for the detection of dehydration response in
plants and remote sensing of vegetation conditions [8, 18].
Presently, a large part of current literature about THz communications sector is mainly
focused on the channel characterization and modelling for body-centric communications and
also presented on-body path loss models for different body scenarios [8]. However, those mod-
els are inadequate to anticipate any transmission loss directly in a medium that contains plants
leafage. To overcome this corresponding drawback, authors in [8, 19] have proposed the nu-
merical method of elementary THz path-loss models that envisage the absorption and scattering
reaction of plant leaves for estimating the total signal loss.
In spite of the fact, that these models are based on simulation results, described in the liter-
ature [19] for distinct leaves, can be approved by comparing them with some practical measure-
ments of plants leaves. The results from measurements process will pave the way to develop
a feasible, cost-effective and practical solution for the timely and proactive determination of
water-stress leaves at an early stage to further explore and comprehensive understandings of
plants physiological process of growth at cellular level. According to [1], the food demand will
be increased by 70% to match current trends in population growth. Therefore, there is a vital
need for an effective, realistic and reliable solution not only to satisfy agricultural production
demand but also to revolutionize the agricultural sustainability. In this regard, there is unanimity
in recognizing the role of THz technology in agriculture, especially with regard to its significant
contributions in various disciplines due to its high sensitivity and strong penetration features [4].
Hence, it is strongly envisioned that aforementioned technique is a promising tool to design a
smart and plant-specific irrigation system that monitors the leaf WC in a non-invasive manner in
order to maintain the structural integrity of leaves at cellular level and is, therefore, critical in the
current circumstances governed by global climate change that demand water conservation [3].
1.1 Research Motivation
In recent years, the growing scarcity of water resources has created grand challenges in various
fields of plants sector [4]. In this respect, many techniques have been proposed by horticultur-
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ists, researchers at various levels in the field of plant biology to develop feasible strategies for
the timely detection of drought symptoms in plant leaves as shown in Figure 1.1. In addition,
standard sensors and systems have been employed to meet the huge requirement of crops pro-
ductivity, appropriate usage of fertilizers, capable of detecting small amounts of impurities in
soil and pathogens in plants, nutrients deficiencies in plants have not obtained prolific results in
agriculture sectors and clearly appears to be unfeasible and unachievable.
Figure 1.1: Overview of various sensing technologies used for the automated detection and
identification of host-plant interactions
On the other hand, some non-destructive methods such as spectroscopy and imaging tech-
niques can be utilized to identify plant diseases caused by pathogens as well as drought from
a very early stage. In spectroscopy, the transmission or the reflection spectrum of plants (for
example, from their leaves) are measured at different frequencies. The changes in the spectrum
can be mapped to different diseases. In the case of imaging, such spectral information is col-
lected with multiple pixels, enabling the generation of images, which also capture the shape
of the elements being measured. However, these techniques are limited by the resolution and
thus, cannot provide any cellular-scale information about the plants [242]. In addition, these
techniques do not consider any environmental influence due to its low photon energy [242].
These facts and prevailing challenges in agriculture sector motivated us to develop a novel,
pragmatic and non-invasive approach by utilizing the THz technology to timely detect the water-
stressed at cellular level to maintain a healthy physiology and lessening the early inception
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of disease that may damage the crops. It is envisioned that it can deepen the understandings
of biological traits and metabolic process of leaf tissues. In addition, it will help cultivators,
growers to take effective and appropriate measures to monitoring the WC in plants leaves, and
to maintain healthy biological traits of leaves to sustain crops productivity.
1.1.1 Why Terahertz sensing
The current state of the art technology, specifically in bio-engineering and bio-electromagnetism
dictates in the microwave (50 - 900 MHz) and millimetre wave (30 - 300 GHz) regions and grad-
ually expanding in the THz domain [21]. With an increasing awareness of hazardous diseases
specially in plants, the diagnostic research is more emphasised on extracting intrinsic details
of the samples and plants, precision of measurement and efficient data transfer. Over the past
decade, the interest in THz technology has drastically increased due to the opportunities both in
communication and sensing that this frequency band has to offer [24].
The THz technology has attracted significant attention for its unprecedented sensing abil-
ity and its non-invasive and non-ionizing properties making it a remarkable option for in-vivo
characterisation and imaging of biological systems [21, 22]. The THz spectrum hosts a large
number of interesting microscopic phenomena such as inter/intra-molecular motions and Debye
relaxation processes. This translates into the ability to use THz radiation to sense the presence
of or characterize a vast array of materials which are inaccessible to other frequency bands. For
communication perspective, the THz Band channel is highly frequency selective and exhibits a
unique distance-dependent bandwidth behaviour due to the absorption from mainly the content
of the biological medium, mainly water and related constituents [23].
A distinguishing feature of the THz waves is their absorption by water molecules, a phe-
nomenon that is found at the basis of innovative bio-sensing applications, ranging from skin
cancer early detection [205] to plant health monitoring [3, 26]. THz technology can provide
detailed insight into the health of a plant specimen in terms of the water content (WC) in the
leaves [27]. Plant leaves consist of bio-molecules, such as cellulose, and synthesis compounds,
including proteins, carbohydrates and many other molecular weight compounds as shown in
Figure 1.2. Water is not only an essential component but an important nutrient to the process
of photosynthesis and transpiration [28]. Due to the high sensitivity and strong penetration fea-
ture of THz, it has a strong potential to disseminate through plant leaves at cellular level and
can yield significant information of WC in leaves. Hence, designing a smart and plant-specific
irrigation system that monitors the leaf WC in a non-invasive manner is, therefore, critical in the
current circumstances governed by global climate change that demand water conservation.
It is strongly believed that the terahertz sensing has the potential and is deemed to have
more fast, reliable response for the overall monitoring and maintaining the health of the leaves.
In this work, it is aimed to introduce a novel, simple and non-invasive method that overcome the
limitations of earlier proposed methods [29–33].
CHAPTER 1. INTRODUCTION 5
Figure 1.2: Internal morphological structure of fresh and water stressed leaf using THz sensing.
1.1.2 Why Machine Learning (ML) is needed
The ongoing aridification and continuing growth of human population has put immense pres-
sure on the agricultural system. Researchers and scientists have made substantial effort and pro-
posed various techniques to tackle this mounting pressure [35]. In this regard, THz technology
has been immensely considered by scientists and researchers in plants scientific community to
minutely observe the behaviour and physiological changes that occur in plants leaves at cellular
level i.e. WC and other nutrients level in plants leaves. It is believed that though THz technol-
ogy has obtained notable contributions in agriculture sector due to its non-ionising and strong
penetration feature. However, an effective and feasible strategy can be significant for the timely
detection of WC in plants leaves and deliver the appropriate amount of WC to plants leaves, and
to maintain healthy physiological traits of leaves to sustain crops productivity. Hence, precise
estimation of WC in plant leaves is of crucial to all plants physiologists and biochemists as it
provides valuable information in terms of facilitating a suitable irrigation management [3].
In this context, ML has emerged as an innovative and modern agricultural approach to im-
prove the agricultural system production while reducing its effect on the environment [35]. ML
applications create an innovative opportunity to unravel, quantify, and understand data-intensive
processes in agricultural operational environments. The data collected in this regard is provided
by various sensors that facilitate a broader knowledge and understanding of the operational en-
vironment (an interaction of dynamic leaves, grain, seed, soil, and weather conditions) and the
process itself (machinery data), leading to more precise and accurate action to sustain and meets
the crops productivity in an effective manner [35].
Evidence from multi-disciplinary agri-technology studies show that reliable and early de-
tection of WC in plants leaves at a cellular level can drive agricultural productivity and opti-
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mize the economic benefits [30–32]. In recent times, the applications of ML have been im-
mensely used in various scientific fields [22] such as healthcare sector, food security, meteorol-
ogy, medicine, meteorology, economic sciences [35]. Furthermore, researchers are very keen
to discover its possibilities, specifically in modern digital agriculture systems to develop intel-
ligent management of plants by applying the water distribution effectively [35]. In this study, a
state-of-the-art method is proposed by integrating ML with THz to closely monitor the diminu-
tive variations and physiological status in plants leaves health at cellular level. In addition, the
underlying aim of amalgamation of ML with THz waves is to carefully predict the future trends
of WC in plants’ leaves and closely observe the internal morphological characteristics of leaves
in an automated fashion, which, in turn, can help to reduce superfluous costs [3]. Furthermore,
forecasting the future trends of WC in leaves using ML, will not only help to maintain the
healthy status of leaves but it can save crops from stresses by taking timely action. This will
ultimately help to maximize yield production and obtain financial gains.
Considering the sensory characteristics of plants leaves, water is essential to the overall
growth, transpiration, and nutritional process of plants leaves [30]. Therefore, timely delivery
of the appropriate amount of resource inputs such as water and its precise quantification can
be very beneficial to drive and sustain overall crops productivity in an advanced agricultural
system [30]. In an era, where most of the farmlands around the globe are water-stressed, the
outcomes of this study will have a positively impact the agriculture sector, and can help in the
design and implementation of smart, sustainable digital agricultural technologies, which is of
high importance to boost the overall crops productivity.
1.2 Research Objectives
As previously mentioned, this thesis focuses on the utility of THz in the field of agriculture due to
its non-ionizing and less pervasive radiation properties. In ongoing climate transformations and
unceasing expansion of population that have posed grand challenges recently, researchers and
scientist strongly believe that application of THz technology at cellular level can revolutionize
modern agriculture discipline. In this realm, numerous researchers, physiologists, and scientists
have brought considerable attentions towards this significant issue at various level and achieved
advancements to develop feasible techniques for the precise estimation of WC in plant leaves to
circumvent any unforeseen circumstances, foreseeing in major decline in crops production and
economic loss in agriculture sector. Although, some techniques have been markedly suffered
from some major limitation; time consuming methods, limited accessibility, and less sensitivity
at cellular changes in plants and lower resolution issues. Moreover, some of them are considered
as inappropriate for enduring studies due to their destructive nature [3].
With these limitations in mind, the initial objectives of this research are listed below:
• To study and perform the thorough literature review and recognize the recent research
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performed various techniques of THz technology and understand the working principle of
them and their applications in precision agriculture.
• To comprehend and critically analyse the results and identify the gap that requires further
investigation and research to be carried out for the timely detection of WC in living plants
leaves at cellular level.
• To emphasize on novel, cost-effective, feasible and non-invasive technique that can de-
termine the internal morphological structure, characterization and mainly estimate the
precise amount of WC in various living plants leaves at cellular level using THz sens-
ing to maintain the healthy physiological growth and lessening the early inception of age
dependant disease.
• To explore the utilization and suitability of various ML techniques with an integration of
THz to estimate and predict the future trends of WC in plants’ leaves in an automated
fashion and can ravel, quantify, and understand data-intensive processes in agricultural
operational environments.
• To study, investigate and propose a unique and non-destructive THz technique enabled by
ML for the precise detection of impurities in water quality at cellular level. Since water
is an important and integral component for plants, therefore, the fresh and pure water
delivery to the plants leaves in a timely manner can be vital to maintain the overall growth
and physiological traits of leaves at cellular level to sustain the crops productivity and
significantly help in mitigating yield and economic losses.
• Lastly, to provide thorough conclusion with future work as well as open challenges are
also addressed to emphasize the utility of THz in the field of agriculture discipline.
1.3 Key Contributions
The growing demand and effective use of various types of sensors to determines the plants’
responses to changes in environmental conditions, pathogen attacks, and other stresses have
become the most fascinating areas to be explored over the past few years. Concerns have arisen
when the existing methods experience some major drawbacks, such as; time-consuming, low-
resolution, sensitivity issues, and unable to provide information of WC in the leaves at cellular
level [8]. Moreover, some of them are considered as inappropriate for enduring studies due
to their destructive nature [8]. Consequently, this has led researchers to quest for more viable,
practical and focus on non-destructive and non-invasive techniques and have considered the THz
technology to determine internal morphology of leaves, relating to WC in leaves due to its strong
absorption feature [8]. Based on THz technology and objectives in mind, the contributions of
thesis are summarised as follows:
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1. Provides literature review covering the advances in the THz sensing for microbiological
contamination of food and water, in addition to state-of-the-art in network architectures,
applications and recent industrial developments. Furthermore, various studies have been
analyzed, examined and discussed covering the various aspects of THz systems, compo-
nents, THz spectroscopy and imaging technologies. In addition, it also highlight the THz
detecting technologies and different potential applications that can be effectively used for
food and water contamination detection and linked those to future directions. Towards
the end, it also present some of the open challenges such as distraction and absorption of
water, low penetration depth, scattering effect, system compactness and equipment cost
that need to be addressed.
2. This thesis presents a novel electromagnetic method to monitor the WC and characterisa-
tion in plant leaves using the absorption spectra of water molecules in the THz frequency
for four consecutive days. It was markedly noticed that after four days, WC in all leaves
were fully evaporated and this was also validated by observing no substantial changes in
transmission response of leaves. We extracted the material properties of leaves of eight
types of leaves namely, coffea- arabica, baby-leaf, parsley, pea-shoot, baby-spinach, basil,
coriander and lamb’s lettuce from the scattering parameters, measured using a material
characterisation kit (MCK) in the frequency range of 0.75 to 1.1 THz. From the computed
permittivity, it is deduced that the leaf specimens increasingly become transparent to the
THz waves as they dry out with the passage of days and showed a exponential decay re-
sponse. Moreover, the loss in weight and thickness of leaves were observed due to the
natural evaporation of leaf moisture cells and change occurred in the morphology of fresh
and water-stressed leaves.
3. The demand for effective use of water resources has increased because of ongoing global
climate transformations in the agriculture science sector. Cost-effective and timely distri-
butions of the appropriate amount of water are vital not only to maintain a healthy status of
plants leaves but to drive the productivity of the crops and achieve economic benefits. In
this regard, employing a terahertz (THz) technology can be more reliable and progressive
technique due to its distinctive features. This thesis presents a novel, and non-invasive
machine learning (ML) driven approach using terahertz waves with a swissto12 MCK in
the frequency range of 0.75 to 1.1 THz in real-life digital agriculture interventions, aim-
ing to develop a feasible and viable technique for the precise estimation of WC in plants
leaves. For this purpose, using measurements observations data, multi-domain features
are extracted from frequency, time, time–frequency domains to incorporate three different
machine learning algorithms such as support vector machine (SVM), K-nearest neighbour
(KNN) and decision-tree (D-Tree).
4. In agriculture science, accurate information of WC in fruits and vegetables in an auto-
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mated fashion can be vital for astute quality and grading evaluation. This demands for a
viable, feasible and cost-effective technique for the defect recognition using timely detec-
tion of MC in fruits and vegetables to maintain a healthy sensory characteristic of fruits.
Here we propose a non-invasive ML driven technique to monitor variations of MC in
fruits using the THz waves with Swissto12 MCK in the frequency range of 0.75 THz to
1.1 THz. In this regard, multi-domain features are extracted from time, frequency, and
time-frequency domains, and applied three ML algorithms such as SVM, KNN, and D-
Tree for the precise assessment of MC in both apple and mango slices in non-invasive
manner.
5. Considering the health of plants leaves, providing a fresh and pure water in a safe and reli-
able way to crops with limited resources is a huge challenge as the demand increases with
a rising population. Also, fresh and unpolluted water is worsened by climate transforma-
tions, more regular droughts in many parts of the word, and by water pollution, making
it more demanding and costly to handle. To safeguard the public health and environment
protection, it is essential to develop a fast, real-time mechanism through which any haz-
ardous impurities in the water supply can be readily detected. In thesis, the prospects
of integrating non-invasive terahertz THz waves with ML enabled technique is studied.
The research explores a method of using Fourier transform Infrared Spectroscopy (FTIR)
system to observe the absorption spectra and characteristics of three solvents solution, in-
cluding salt, sugar and glucose with various quantity in aqueous solutions in the frequency
range of 1 THz to 20 THz. In this study, due to the different molecular configuration and
vibration modes of substances, distinct absorption spectra peaks were achieved for differ-
ent concentrations of solvent solutions at certain sensitive THz region.
1.4 Thesis Outline
The rest of the thesis is organised as follows:
• Chapter 2 presents a thorough and first-time analysis of the available literature covering
advancements in THz sensing for food and water microbiological infection, as well as
state-of-the-art network design, implementations and recent industrial innovations. It also
describes the THz sensing techniques for food and water contamination detection. The
open challenges for food and water contamination detection are also addressed in this
chapter.
• Chapter 3 gives detailed introduction and highlight some of the notable contributions and
advancements of THz obtained in various disciplines. It also provides insight of various
techniques that have been employed by researchers, horticulturists for the quantification
of the WC in living plant leaves. In addition, it presents a novel, non-invasive approach
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for characterising and monitoring the WC of plant leaves using the scattering parameters
of a THz waves. The proposed scheme can be used to design efficient irrigation systems
on-site without any need to remove the leaves from plants.The measurement results and
different parameters are discussed such as permittivity, the effect of weight and thickness,
followed by a comparison of transmission response of all eight leaves between day 1 and
4.
• Chapter 4 describes ML driven non-invasive approach for the estimation of WC in living
plants leaves using THz waves. It includes description of exhausting techniques followed
by their limitations. In addition, the proposed method incorporating ML using THz is
discussed including data collection pre-processing methodology, feature extraction and
optimal feature selection and analysis of three classifiers results are discussed along with
an initial. From the results, it is proved that proposed technique can be beneficial for
precise estimation of WC in leaves and can provide prolific recommendations and insights
for growers to take proactive actions in relations to plants health monitoring.
• Chapter 5 presents the utilization of ML driven non-invasive technique for the quality
assessment of fresh fruits using THz waves. In this chapter, the proposed method is
described starting from the experimental set followed by the data-collection and pre-
processing methodology, feature extraction and selection technique and performance of
three classifiers are discussed in detail. This study will pave a new direction for the real-
time quality evaluation of fruits in a non-invasive manner by incorporating ML with THz
sensing at a cellular level.
• Chapter 6 contributes to the use of non-invasive THz waves and ML enabled optimized
technological solution to detect various substances and their distinct concentrations in
aqueous solutions. In this chapter, introduction is presented and briefly highlight the tech-
niques that have been employed by researchers for the detection of water contaminants in
aqueous solutions. After that, it discusses why the current techniques are not feasible and
propose a realistic method and application of FTIR enabled by ML that can provide the
approximate detection of smallest of contaminants in distilled water due to high sensitivity
and non-destructive nature. In this regard, results are showcased and analysis of results
are explained.
• Chapter 7 provides a summary and findings of the study and concludes the accomplished
work. It also discusses future trends and research activities in relation to terahertz sensing
for future agriculture applications are also described.
Chapter 2
Background and Literature Review
2.1 Introduction
The electromagnetic EM radiation in the range of 0.3 THz to 3 THz has unique properties that
makes it particularly attractive for various applications including biomedical imaging, packaged
goods inspection, food inspection, water contamination detection and so on. The THz radiation
with much lower photon energies (4meV for 1THz) is a non-ionizing electromagnetic wave [36].
Ionizing radiation is defined with a photon energy greater than 10eV by US Federal Communica-
tions Commission (FCC), which corresponds to the ionization energy of oxygen and hydrogen
about 14 eV [37, 38]. Unlike X-ray radiation and microwaves with their ionizing properties,
THz waves with a non-ionizing form do not cause any negative effect to damage tissues and
biomolecules on food or other live cells. Not only that, the THz waves can be used to deter-
mine the differences between molecules due to the vibrational and rotational modes of many
molecules in the THz region. However, generating radiation at terahertz level presents many
practical challenges. In recent years, several techniques for generating both continuous-wave
(CW) and pulsed terahertz radiation have been developed [39].
In turn, these are spawning the early development of terahertz applications, particularly
in microbial pollution in water and food. New trends, discoveries and applications have been
observed in diverse fields, especially in the field of photonics and nanotechnology. The first
demonstration of THz wave time-domain spectroscopy exploiting femtosecond laser sources to
produce and identify freely transmitting THz pulses were developed by Auston at Bell Labs
and Grischkowsky at IBM in 1980s [40]. The development of optimized techniques for THz
pulse generations, particularly the optimized non-collinear beam geometry [41], the production
of THz pulses using the energy of few microjoules or even higher values which has the potential
to access the 2nd or 3rd order non-linearities [42, 43] is a standard followed in almost every
laboratory settings.
In [44], it generated the highest-energy ultrashort THz pulses by electro-optical rectification
0This chapter is from paper no 2* in publication list
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(EOR) of femtosecond pulses in LiNbO3 leveraging the tilted-pulse-front pumping technique,
which is intrinsically expansible to boost the available THz pulse energy and corresponding
field strength. The THz radiation has many advantages over other imaging modalities in many
aspects including non-ionizing [45], classifying species of tissue [46], and scattering and water
absorption for porosimetry [47]. Consequently, the THz radiation has shown widespread poten-
tial applications in diverse areas to address the real-world problems including genomics [48],
medical diagnostics [49], pharmacology [50], healthcare applications [51, 52], Body-Area Net-
works (BAN) [53, 54], wireless communication [55, 56], environmental monitoring [57], agri-
culture [58] and food analysis [36, 59], defense and security [60, 122].
The recent research work on THz radiation generation, detection, and the spectroscopic
and imaging tools, such as terahertz time-domain spectroscopy (THz-TDS) [61–63] that has
the potential to be operated in the time and spatial domain to process the data obtained from
the transmitted or reflected THz beam, opens up new ventures by applying the particular tech-
nology for food or water contamination detection [64]. The core idea is food and liquid have
unique physical features and presents a unique spectral imprint when exposed in the THz fre-
quency domain [65–68]. The food quality and safety monitoring comprising microbiological
contamination detection including toxic metals [70], pesticides [71], veterinary drug residues,
organic pollutants, radionuclides and mycotoxins, is a pressing issue for public health and well-
being. Several studies have focused on different types of food additives, such as flour and talc
mixtures [72], melamine in milk powders [74], which indicate that the absorption spectra of the
pure and mixed products were by and large distinct.
The strong absorbing nature of THz radiation by water, the vibrational modes between
molecules of hydrogen bonds positioned in the THz region presents limitations on the appli-
cation of THz technology considering the detection of concealed cases [125, 129]. However,
the absorbing nature does not pose challenge to the applications of THz imaging in identifying
humidity in different substances. There are several methods that can resolve limited penetration
depth issue, for example the paraffin-embedding technique, freezing technique and terahertz
penetration-enhancing agents (THz-PEAs) [49]. There are several existing sensing techniques
that can be used for contamination detection at THz level [73]. The existing studies on the THz
sources and processing methods, such as the spectral imprints of commodity of food in the THz
region, enable the synthesis of THz sensing systems into real-world.
This chapter analyses the recent trends observed in THz technology, THz detection tech-
niques and reports different issues that need to be addressed in order to apply THz sensing for
food and water contamination detection. In this regard, the contribution of this paper is discussed
as:
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In section 2.2, the application, architecture and techniques for implementing THz systems
are presented in comprehensive manner. Section 2.3 describes the THz detection techniques
and the associated technologies. Section 2.4 illustrates the THz sensing for food and water
contamination detection techniques. Section 2.5 presents the summary drawn from existing
literature.
 
 
Figure 2.1: Typical terahertz configuration. (a) Sources, (b) Components, (c) Detectors, (d)
Applications, such as spectroscopy and imaging [56]
.
2.2 Terahertz Components and Application Systems
The terahertz sources, components, detectors, and application-oriented goals are the main focus
of the development of THz technologies. Figure 2.1 indicates the typical THz configuration that
consists of multiple sources, components and detectors. The introduction of solid-state mode-
locked and quantum cascade lasers (QCL), which can provide a significant continuous-wave
THz source, also the technological breakthrough in laser-based THz-TDS and microelectronic
fabrication have led to the actualization of several significant THz equipments and systems as
in [76–78]
2.2.1 The THz Sources
A terahertz source produces a broad range of radiation [79, 80] presents six different types of
THz sources which include thermal [81], vacuum electronic [82], solid-state electronic [83],
lasers [84], sources pumped using lasers (including continuous [85], pulsed [86] and mechanical
excitation sources [135]. Past few years have witnessed several new THz source techniques that
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have been brought forth. For examples, terahertz source techniques were summarized by [87].
An InAs/GaAs Quantum-Dot (QD) Laser Source [88] can be ultracompact, tunable in room
temperature and its experimental setup involves a QD based photomixer resonantly pumped
by a compact, broadly-tunable dual-wavelength QD laser in the double-grating quasi-Littrow
configuration. A high peak power THz source for ultrafast electron diffraction was constructed
operating at the wavelength ranging between 50-200µm [89]. A device model consisting of
electron source and terahertz low-gain free electron laser (THz-FEL) oscillator was proposed
in [90]. The THz radiation source based on electron linear accelerator (linac) was introduction in
[91]. A frequency reference source based on the optical combs was proposed to simultaneously
stabilize a series of THz source devices in [92]. The optical combs, which deliver uniformly-
spaced CW lights having significantly high accuracy, can be produced using combination of a
planar comb generator (MZ-FCG) based on a Mach-Zehnder modulator and a highly nonlinear
dispersion-shifted fiber.
2.2.2 The THz Components
All THz components such as mirrors, lenses, and polarizers manipulate the specific radiation.
Conventionally, the THz mirrors were made of metals such as aluminum, silver, copper and
gold. In order to achieve maximum reflectivity characteristics from these metals, the width of
the metal coating should be at least two skin depths at the frequency of the incident beam [93].
Recent innovations in THz mirror technology include semiconductor [94], hybrid mirrors [95],
and the tunable mirrors are based on photonic crystals (PCs) [96]. THz lenses are typically
made of plastics such as polyethylene or Polymethylpentene (TPX). Recently, the significant
innovations allow the rapid production of a large number of lenses (Wichmann et al., 2011) that
include Fresnel zone plates [97], plasmonic resonances [98], variable focal length lenses [99],
3D printed diffractive lenses [100], and even THz lenses made of paper [101]. The polarizers
are one of the significant components in THz imaging, data transmission, and spectroscopy.
Wire-grid polarizers are simpler to realize in the THz than in the visible region [102]. Recently,
reconfigurable polarizers in [103] and carbon nanotube fiber polarizers in [104] have been re-
ported.
2.2.3 The THz Detectors
The THz detectors that can measure the THz radiation upon reception, play a significant role
in many areas including astrophysics, biological, chemistry and explosions detection, imaging,
astronomy applications and so on [106] discussed various types THz radiation detectors, includ-
ing basic direct [107] and heterodyne detectors [108] Schottky barrier diodes [109], pair braking
photon detectors [110], thermal detectors [113], and field-effect transistor detectors [111]. [134]
introduced the design and testing of broadband quasi-light THz Schottky diode detectors, which
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Figure 2.2: . (a) Top is micrographs of the log-spiral TeraFETs and bottom is bow-tie antenna.
(b) A simplified cross-sectional view of the transistor region of the TeraFET [105].
.
can be used as a set of waveguide detectors to provide a reference point at the same location of
a source beam. [105] presented a wideband bow-tie antenna-coupled THz detector on a 90nm
silicon CMOS FET (TeraFET) for the identification of free-space THz radiation, which was
enhanced employing an internally designed circuit based on physics model and the THz detec-
tion well beyond 2THz with an optical responsivity of 45mA/W (or 220V/W) [139]. Figure 2.2
illustrates the micrographs and the layout of this detector.
2.2.4 The THz Systems and Applications
The broad applications of the THz radiation can be categorized into four main groups: sensing,
imaging, spectroscopy and communication [126, 179], and can also be applied in preventive
health care to quality control, surgery, and non- destructive evaluation [136] as shown in Figure
2.3
The diverse areas of application of THz technology have been summarized in [59] and
in [36], especially the applications in safety and quality control of commodity of food are shown
in Table 2.1. The table indicates that the potential of THz technologies in the food and water
detection fields and presents various other facets including the identification of foreign bodies,
detection of pesticide and antibiotic residues, characterization of edible oil and discrimination
of transgenic crops, and so on. For example, the identification of undesired and potentially un-
healthy organisms in food is excessively important in the food industry [77]. So many attractive
applications of THz radiation totally attribute to its enormous intrinsic properties and unique
fingerprints characteristics of biological tissues at some specific frequencies in the THz electro-
CHAPTER 2. BACKGROUND AND LITERATURE REVIEW 16
 
Figure 2.3: Envisioned applications for THz radiation
[136], [179], and [12] .
magnetic region.
The antibiotics and harmful residues in food or the other agricultural products were identi-
fied due to the different absorption characteristics of the chemical materials in the THz region.
Regarding the penetration capability of THz radiation to the fabric, foam and plastic, it offered
effective technology for foreign body detection in quality control of food products [36]. With
regard to the advantages of non-destructive, non-invasive, and non-ionizing nature, the THz
technologies is termed as the alternative methods for sensing food or water safety control and
contamination detection.
2.3 Terahertz Detection Methods and Their Enabling Tech-
nologies
The field of THz technology has changed rapidly in the past few years. The research work on
terahertz technology has greatly promoted the generation and development of many new tech-
nologies such as THz-TDS, terahertz radiation, and THz imaging. These technologies have been
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Table 2.1: Overview of the applications of THz technology for food and water detection
Types Methods Detected materials
Food
products
THz-TDS
Melamine detection in foods [116].
Detection of a carbamate insecticide in food matrices [115].
Moisture content in wheat grain [174].
Pesticide detection in food powders [137]
Antibiotic detection in food and feed [180]. matrices.
Discrimination of transgenic crops [155, 190]
THz-FDS(a)
Recognition of CCH(b) and TCH(c) in soil,
chicken, and rice [188]
Imaging
Metallic and nonmetallic foreign bodies
in chocolate [220].
Water
(including
beverages)
THz-TDS
Characterization of optical properties of vegetable oil.
Characterization of the dielectric properties
of water solutions [130, 149]
Prediction of sugar and alcoholic content in beverages
and liquors
Identification of adulterated dairy product [60].
Detection of harmful chemical residues in honey [158].
TDS-ATR(d)
Dielectric constants determination of distilled water and
sucrose solution [165].
Imaging Sugar detection in beverages [153].
Note: a THz-FDS: Terahertz Frequency-Domain Spectroscopy
b CCH: Chlortetracycline hydrochloride
c TCH: Tetracycline hydrochloride
d TDS-ATR: Terahertz Time-DomainAttenuated Total
Reflection spectroscopy
widely studied and applied in various fields.
2.3.1 Time-domain spectroscopy
The THz-TDS can be configured in three modes including transmission, reception and atten-
uated total reflection (ATR) modes. A typical setup of THz-TDS system and three modes are
shown Figure in 2.4. Compared with transmission and reflection modes, the ATR THz-TDS
is highly sensitive and suitable for measuring high moisture samples [36, 140]. The TDS sys-
tem has the potential to aquire direct measurement of the field amplitude information and phase
information as the function of time by sweeping out the transient field of the THz pulse. The
terahertz frequency range can be accessed by applying Fourier transformation on time-domain
data.
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Figure 2.4: Schematic of a typical THz time-domain spectroscopy system.(a) transmission
mode, (b) reflection mode, (c) attenuated total reflection (ATR) mode. (reproduced from [36]
.
As the effective method of identifying the material spectra information in the THz re-
gion using ultrafast laser beam technology, THz-TDS has comparatively high signal-to-noise
(SNR) ratio up to 120 (@peak maximum) in time-domain data due to the broader frequency
range, and can be used to determine the nature of material (or composition) and profound struc-
ture changes [118, 121, 163]. [177] detected the molecular classification and the associate im-
print peak of three plant growth regulators including 2, 4-Dichlorophenoxyacetic acid, forchlor-
fenuron and indole-3-acetic acid. [116] demonstrated the feasibility of classifying the melamine
in food products and found the characteristic absorption peaks of melamine at 2 THz, 2.26 THz,
and 2.6 THz. In [196], it quantified the percentage contributions of the inter-molecular and intr-
amolecular vibrations to the normal mode leveraging THz vibrational spectroscopy to molecular
characterization of saccharide molecules. In [119], it reported that the THz molecular resonance
imprints of deoxyribonucleic acid (DNA) methylation in cancer DNA, which can be character-
ized to identify various types of cancer cells. In [161], it detected the different pollutants such
as oil, gypsum and water with the glass fibre reinforced composites materials and showed that
the wave propagation velocity is slower in contamination region.
2.3.2 Terahertz Radiation
Terahertz radiation refers to the electromagnetic radiation region between 0.1 THz and 10 THz
in frequency range and between millimeter wave and infrared wave. The resulting T-ray has a
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broad application prospect in object imaging, medical diagnosis, environmental detection and
communication. However, in the frequency range of terahertz radiation, the transmission of
THz wave will suffer slight fading and group velocity dispersion due to the water molecule in
the atmosphere [69]. In [127], the field of communication is discussed and the possibility of
the THz communications due to the larger bandwidth and higher transmission rate, even though
there exits the strong atmospheric absorption and low source efficiency of the THz radiation.
2.3.3 Terahertz Imaging
The terahertz imaging is an emerging and significant non-destructive evaluation (NDE) tech-
nique used for safety checks, quality control [75, 162, 169, 171–173], and even fanciful applica-
tions, such as using terahertz image detection technology to count almond chocolates in bars.
One of the great advantages of terahertz in the field of image processing is that terahertz radi-
ation has a unique ability to penetrate ordinary packaging materials, so it can provide spectral
information of internal materials. In [117], it introduced an active THz imaging automatic bio-
metric security access control and tracking gate system consisting of the THz scanning/ imaging,
autonomous transition and X-Ray modules, which can detect the concealed object on the human
body. In [162], it constructed a swept source optical coherence tomography (SS-OCT) system
with operating frequency of 600-665GHz, which can be used for quality control. In [181], it
presented a compact and portable THz imaging system using Single Mode Fabry-Perot Laser
Diodes (SMFPLD), which has the simple structure and low cost. In [183], it proposed a THz
tomography system with the 3D scanner, which allows for the reflection THz tomography image
of the sample with arbitrary surface shape by placing the transmitter and receiver on the robotic
arm and can be used to study variety of non-planar objects, including biological specimens,
mummies, cultural heritage and industrially made parts.
2.4 Food and Water Contamination Detection Methods
2.4.1 Terahertz for food contamination detection
Even though many policies and efforts have been made to prevent food contamination, it is more
important and challenging to inspect the quality of food products and evaluate the contents of
food-material. Especially, the safe methods for the bio-materials and the agricultural products
are of utmost importance, which are effective to identify contaminated food, to detect toxic sub-
stances, such as pesticide residues, additives, antibiotics, and pathogens in foodstuffs. Although
many technologies have been used for qualitative and quantitative analysis [156] in wide range
of food products, such as near-infrared spectroscopy (NIR) imaging, bioassays, and molecular
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imprint-based sensors [123] the non-ionizing and nondestructive THz radiation is considered the
novel, accurate and economical way for analyzing the food compositions.
Detection by analyzing moisture content
Moisture content, or water content, is the quantity of water contained in a material, such as seed
and grain, food and beverage, agricultural and soil, pulp and paper products, petroleum products.
The THz radiation has the potential advantages for sensing and imaging of the moisture map,
non-destructively assessing hydration levels in materials [124].
Detection of water content in living plant leaves: The first application of THz imaging and
sensing for detecting the WC is to monitor and evaluate the moisture level of plant leaves, which
can provide the valuable information to farmers and scientists regarding plant drought stress
and irrigation management. In [178], it reviewed the theoretical methods and the applications
of THz spectroscopy and imaging for detecting leaf water content. A theoretical basis for de-
tecting the water content in plants was proposed in [167], which can be conducted to establish
prediction models of MC base on the processed THz transmission and absorption spectra. The
meaningful information attained from the water detection of the living plant leaves can be useful
to analyze the existence of any pesticides in leaves [195]. A complete analysis of the measured
THz absorbance for detecting water content in the plant leaves should consider the effect of
interface roughness of the leaves [220], as shown in equation 2.1 and equation 2.2, by defining
an effective attenuation coefficient of the leaf, atotal ,as a sum of absorptive and scattering losses,
aabs and ascat .
atotal = aabs +ascat (2.1)
where ascat is defined as
ascat(λ ) =
1
D
[
(
√
εL(λ )−1)
(
4πΓcosθ
λ
)]2
(2.2)
where D is the leaf thickness, (Γ) is the standard deviation of the height profile from the
measure of surface roughness, (θ ) is the incidence angle, (λ ) is the THz free space wavelength,
and εL is the wavelength dependent permittivity of the leaf.
Quality control of damaged fruit: Depending on the different absorption coefficients and
refraction index of moisture on the thin surface layers of fruits, the THz wave can be used
to evaluate the internal quality on fruit by non-destructive detection [67]. The damage on the
tomatoes caused by pressure on the outer surface was detected and assessed in [170]. The THz
reflectivity from the pressed regions revealed the decreased tendency due to the damaged area
losing the moisture. Through the detection of the refractive index and the absorption coefficient
in regression model, the soluble solids content, which is an important index for fruit quality, was
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determined in apple products by THz-TDS technique [132]. In [148], the potential of dielec-
tric spectroscopy related to temperature, soluble solid content, moisture content with the fruit,
which can be gained by THz technology, was applied to characterize the fruit quality factors in
13 fruits or vegetables at various levels, including apple, avocado, carrot, grape, guava, mango,
orange, peach, melon, coconut, eggplant, potato, and tomato.
Detection of moisture in dried food: Dried foods, or low-moisture foods, are more easily
preserved because the lower moisture content inhibits the activities of food-spoilage and food-
poisoning microorganisms. It is significant to detect and monitor the moisture content of dried
food for avoiding the mold growth when the water content exceeds the normal level [151]. A
quantitative demonstration of moisture measurements in dried food was performed using THz
radiation in [174] and [175]. The advantages of THz technology are that the THz absorbance of
water is higher than the other constituents and no significant heating is produced in the sample
due to the minimal THz power [124].
Detection by inspecting food
One of the widely used applications of the THz technology is for inspecting the foreign ob-
ject such as glass shards, stone, rubber, insects and plastic, or adulteration in food products.
[171], [173] performed the Sub-Terahertz transmitted Quasi-Bessel Beam imaging to determine
foreign substance in food and gained a deep focus and the high spatial resolution up to 0.75
wavelength at 140 GHz frequency. In [172], they developed a reflection-mode CW THz imag-
ing system employing a beam-steering tool for use in food quality inspection. A THz real-time
imaging system with a coherent source was developed in [194], which has a 1mm diffraction
limited resolution. In order to reduce the limitations on the thickness of foods inspected due
to the strong absorption of THz waves by moisture, [185] newly developed a dual-polarization
imaging device exploiting a THz noise source that enhanced the classification capability of for-
eign substances in foods, even existing similar dielectric constants. As shown in Figure 2.5, the
inspected foods can be transmitted by a conveyor belt, and the 1.2 mW low coherence THz noise
signals, the frequency between 0.075 THz and 0.11 THz, are generated by the source. This THz
imaging system can reach up to 4 mm maximum resolution with dual-polarization imaging.
2.4.2 Detection by chemical recognition with THz pulses
Due to the excessive use of direct or indirect chemicals in the growth of plants and animals,
chemical contamination of food and water has become one of the main reason of diseases. The
non-contact and non-destructive detection on the non-edible additives, biological and chemical
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Figure 2.5: Schematics diagram of the 0.1 THz imaging system [185].
items has become a major objective in food security [67]. Due to rotation or vibration level tran-
sitions within a molecule, various chemicals and bio-molecules will appear intrinsic resonance
features in the terahertz wave region, that are correlated to the physical nature and chemical
composition of the sample [180]. In [116], it implemented THz spectra and images of melamine
mixtures to detect melamine in foodstuffs, which showed the potential of THz-TDS as an iden-
tification and quantification technique in the food security.
In [128], they applied the simple and fast recognition algorithm in THz imaging combined
with the THz-TDS data analysis to detect the drugs, such as cocaine and morphine, and other
chemicals, such as lactose, sucrose, aspirin and tartaric acid, hidden in containers. In [158], they
applied THz-TDS technique to discriminate the harmful chemical residues in honey and found
that each chemical substance exists the distinct absorption peak in the THz frequency regime
range from 0.5 THz to 6.0 THz. In [153], obtained several carbohydrate samples THz spectra
in the frequency range of 0.5-2.5 THz, which included D-glucose, fructose, cellulose, and cel-
lulose, shown as in Figure 2.6.
The results showed clearly that the strong absorption peaks appeared at monosaccharide
group, such as two peaks for D-glucose at 1.4 THz and 2.1 THz in Figure 2.6(a), two peaks for
fructose at 1.8 THz and 2.1 THz in Figure 2.6(b), two peaks for sucrose at 1.4 THz and 1.8 THz
in Figure 2.6(c). However, the polysaccharide group appeared no recognizable absorption fea-
tures in the THz spectrum, such as in Figure 2.6(d). Meanwhile, a highly sensitive and selective
THz meta-material sensing tool for discriminating different kinds of carbohydrate molecules
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even at low concentrations of real market beverages was proposed in [153].
 
 
Figure 2.6: Absorption coefficients measured from THz-TDS for various sugars (a) D-
glucose(C6H12O6), (b) fructose(C6H12O6), (c) sucrose(C12H12O11), (d) cellulose(C6H10O5) pel-
lets. The structural formulas for each saccharide are shown in (a-d) as insets [153].
2.4.3 Terahertz for water contamination detection
Contrast mechanism for detection
The permittivity, the thickness, and the shape of the sample lead to the different reflection and
transmission coefficients of each sample. The permittivity of the sample is a significant param-
eter to recognize its behaviour in theory. Although water is a strong-absorbing liquids in the
THz radiation, the special THz-TDS system is available for sensitive liquid transmission spec-
troscopy [160]. Consequently, the contrast mechanism with the high permittivity of liquid water
can be considered for investigating the molecular nature of the aqueous solutions [124, 168].
For example, in [141], it determined the alcohol content in water-alcohol mixtures based on the
measurement of the THz dielectric functions of the mixture. In [187], it showed that the ab-
sorption coefficient and refraction index in the aqueous mixtures with other dipolar liquids are
substantially less than that of water. The reason of these results is the slight difference between
the permittivities of pure water and water molecules bounded to other materials weakly.
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THz response of water – Debye model
The data received from THz TDS system is often described by a double-Debye model [166],
which was first applied the complex permittivity of the water to represent the reaction to an
external electric field [192]. When water is irradiated by THz radiation, the complex permittivity
function is termed as:
εω = ε
′(v)− jε ′′(v) = ε∞ +
∆ε1
1+ jωτ1
+
∆ε2
1+ jωτ2
(2.3)
where ε ′(v) and ε ′′(v) are the real part and imaginary or loss part of the complex permit-
tivity, respectively. ε∞ is the permittivity at high-frequency limit. ∆ε1 denotes the dispersion in
amplitude information of the slow relaxation procedure, also the bulk bonding among hydrogen
molecules is liberated to equilibrium state beneath the impact of external electric field. ∆ε2 il-
lustrates the fast relaxation procedure, where hydrogen-bond generation and destruction happen.
τ1 represents the overall relaxation time of the slow process and τ2 is the relaxation time of the
fast procedure [146]. ω is the angular frequency. The Euclidean distance between the input
raw data and the output of equation 2.3 was applied to obtain the parameters of Double-Debye
model (Lazebnik et al., 2007), shown in equation 2.4:
e =
1
N
N
∑
i=1
[(
ε ′(v)− ε̂ ′(v)
median [ε ′(v)]
)2
+
(
ε ′′(v)− ε̂ ′′(v)
median [ε ′(v)]
)2]
(2.4)
where ε̂ ′(v) and ε̂ ′′(v) denote the total output of the in equation (4), representing the real
and imaginary part of the dielectric properties, respectively. Furhtermore, the value of N is
the points number collected from the frequency of 0.1THz-1.5THz. The optimisation problem
algorithm can be applied to solve equation (4) which subject to ε∞ ≥ 1,∆ε1 ≥ 0,∆ε2 ≥ 0, and
τ1 ≥ 0,τ2 ≥ 0. [193] applied particle swarm optimisation (PSO) with 500 particles to solve this
problem and received all Double-Debye parameters for the five groups of variables when the
Euclidean distance is less than the threshold of 0.0012 or 1000 iterations reached. The result
showed that the dielectric model accurately represent he dielectric properties of collagen not
only at the higher values of frequency but also at the lower frequency range.
Application of water contamination detection
Although there are many studies on the detection of food using terahertz technology, limited
research has been done on water contamination detection. Recent developments in the integra-
tion of biosensor and the vibrational spectroscopic techniques are particularly suitable for water
contamination analysis [197]. In [176], the THz-TDS with metamaterial sensors was applied to
detect viable and live microorganisms such as yeast cells, molds and bacteria in both ambient
and aqueous environments. [184] applied the reflective pulsed terahertz imaging to monitor the
water contaminated by sesame oil. In [159], it discriminated the water contamination levels (0%,
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0.1%, and 0.2%) in the diesel engine oil samples (SAE 15W-40) by the THz-TDS techniques.
In [131], the oil-water mixtures with water content from 1.8%-90.6% were quantitatively recog-
nised by the combination of THz spectroscopy and 3D-printing technology.
2.4.4 Conventional plant disease identification methods
Traditional diagnostic strategies can be mostly classified in two group tools. On the one hand,
plant diseases can be detected by means of molecular techniques, such as quantitative poly-
merase chain reaction (Q-PCR) [195]. However, such studies require a relatively large amount
of target tissue and rely on multiple assays to accurately identify distinct plant pathogens. In
addition, the high price and short shelf half-life of some molecular biology reagents, such as
enzymes and primers, limit the application of traditional molecular methods. Moreover, most
of these procedures cannot be applied in the field (on-site detection). On the other hand, some
non-destructive methods such as spectroscopy and imaging techniques can be utilized to identify
plant diseases caused by pathogens as well as drought from a very early stage. In spectroscopy,
the transmission or the reflection spectrum of plants (for example, from their leaves) are mea-
sured at different frequencies. The changes in the spectrum can be mapped to different diseases.
In the case of imaging, such spectral information is collected with multiple pixels, enabling the
generation of images, which also capture the shape of the elements being measured [195].
However, these techniques [195] are limited by the resolution and thus, cannot provide
any cellular-scale information about the plants [198]. In addition, these techniques do not con-
sider any environmental influence due to its low photon energy [199]. Furthermore, many spec-
troscopy and imaging techniques at different frequencies have been proposed in the literature
for plant disease detection [200]. Traditionally, the mid and near (close to visible) infrared (IR)
spectrum are used, as the very small corresponding wavelength enables the precise detection of
relevant molecular and structural information of the plants. In addition to spectroscopic tech-
niques, hyper-spectral remote sensing has also been used to identify stress in plants such as
tomatoes, which is governed by late blight disease. Late blight spreads rapidly in tomato fields.
It is caused by the fungal pathogen Phytophthora infests. It is found that the near-infrared (NIR)
region is the most valuable range of wavelengths than the visible range in identifying plant
diseases [195, 201].
Many functional techniques have been suggested such as infrared imaging, hyper-spectral
thermal imaging and magnetic spectrum imaging to determine the comprehensive analysis of
spatial and spectral information of plant leaves [195, 225]. Although there has been substantial
progress achieved by utilizing these techniques, however, there are some limitations related
to each technique and can be enhanced further. The resolution of the imaging measurements
in the microwave spectrum is limited due to the relatively hefty wavelength that this method
employs [195, 225]. In fact, the imaging resolution of microwave radiation is restricted to a
nominal wavelength of nearly 2.5 mm . Comparing the image resolution of a microwave with
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MRI, it displays the more advanced resolution but has a drawback of limited accessibility and
a high-cost. However, the THz spectrum is highly sensitive to water contents and hosts a large
number of interesting microscopic phenomena such as inter/intra-molecular motions and Debye
relaxation processes, which makes it ideal candidate for this application [195, 225].
2.5 Summary
The recent advancements in the THz technology has a high potential benefit to society, particu-
larly for the public health and environmental protection. Therefore, there is a need of thorough
research on the contamination detection of food products and liquid water matters. In this pa-
per, various studies have been analyzed, examined and discussed covering the various aspects
of THz systems, components, terahertz spectroscopy and imaging technologies. In addition, we
have highlighted the THz detecting technologies and different potential applications that can be
effectively used for food and water contamination detection and linked those to future direc-
tions. We have also presented some of the open challenges such as distraction and absorption
of water, low penetration depth, scattering effect, system compactness and equipment cost that
need to be addressed. In a nutshell, the findings of this review paper are expected to be useful for
researchers, scientists, engineers, doctors, and policymakers working in the area THz domain
for healthcare, fitness and wellness.
Chapter 3
Characterisation of Living Plants Leaves
Using THz Waves
3.1 Introduction
Over the past decade, THz technology has seen an increased amount of interest in the scientific
community chiefly due to its non-ionising and less pervasive radiation properties [210]. There
has been significant progress in tapping the so-called THz gap 0.3 THz to 3 THz of the electro-
magnetic spectrum. The THz technology has found extensive use in applications such as the
imaging of concealed items [125], material characterisation [210], diagnostic applications in-
cluding treatment of skin and dental care [211,212], effective and quality control of food [213],
and telecommunication [164,210,215]. Furthermore, a distinguishing feature of the THz waves
is that the water molecules exhibit a strong absorption spectrum in the pertinent frequency range,
leading to novel bio-sensing applications.
3.1.1 Related Work
Despite these substantial contributions, the utility of the THz technology in the environmental
control/monitoring systems has not been explored in depth, especially for vegetation monitor-
ing [195,216]. Unlike the microwave-based remote sensing techniques, the THz technology can
provide detailed insight into the health of a plant specimen in terms of the water content (WC)
in the leaves [217]. Plant leaves comprise of a composite biological structure of tissues, dis-
tinct bio-molecules like cellulose and synthesis compounds including proteins, carbohydrates
and many other molecular weight compounds, as illustrated in Figure 3.1. On an individual
basis, they vastly differ in terms of material properties such as relative permittivity [218]. Fur-
thermore, water is not only an essential component but an important nutrient to the process of
photosynthesis, and transpiration in the overall process of growth [219]. Due to the high sen-
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Figure 3.1: Internal morphology of fresh and water stressed leaf using THz sensing.
sitivity and strong penetration feature of THz, it has a strong potential to disseminate through
plants leaves at cellular level as shown in Figure 3.1 and can yield significant information of
WC in leaves. Hence, it is significant to highlight the frequency dependence of the permittivity
of leaves. Designing a smart and plant-specific irrigation system that monitors the leaf WC in
a non-invasive manner is, therefore, critical in the current circumstances governed by global
climate change that demand water conservation. Over the years, significant contributions have
been made [216–220], that address estimating the leaf’s WC. There are techniques that offer
high reliability, yet they are unsuitable for long-term studies of plant leaves and the validity of
measurements cannot be guaranteed due to their disparaging nature. [167, 218, 221–223].
Thermogravimetric analysis has been used for the quantification of WC in plants leaves.
However, due to its destructive nature and problems owing to its harmfulness to specimens have
markedly reduced the usefulness, and thus is not suitable for estimation of WC in plants leaves.
On the other hand, some non-destructive methods have previously been used to determine the
water status in plant leaves, which include thermal and hyper-spectral imaging [224, 225], in-
frared [226] and magnetic resonance imaging (MRI) [227]. However, these techniques are
limited by the resolution and thus, cannot provide any cellular-scale information about the
plants [225].In addition, these technique do not consider any environmental influence due to
its low photon energy [221, 225].
Lately, there has been a growing trend in the field of plant physiology and characterisation
of liquid to use THz-TDS [218, 228], which is considered a non-invasive technique, and has
been deployed in the field of plant physiology to detect anomalies proactively. Moreover, it
has an enormous potential to measure the leaf water status under certain conditions, such as
drought stress [218, 220, 222, 229, 230] and dehydration kinetics [225]. In addition, THz-TDS
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technique can also investigate the structural behaviour and complex traits of leaves under certain
environment conditions [221,225]. As compared to others, THz-TDS technique has proven to be
more effective and reliable. However, the experimental setup requires a complex configuration
of lasers [228].
In this chapter, we present a novel, non-invasive approach and simple setup compared to
other techniques to monitor the WC of plant leaves using the scattering parameters of a THz
pulse. Using a well-known material extraction algorithm, we computed permittivity (an elec-
tromagnetic parameter) from the scattering parameters for eight types of leaves including cof-
fea arabica, aromatic coriander, basil, baby-leaf, pea-shoot, parsley, lamb’s lettuce, and baby
spinach, which we observed for four consecutive days. It was noticed that after four days, no
changes were obtained in the transmission response of all leaves, clearly indicating that WC
in leaves were all evaporated. The WC was then gauged from the decrease in the permittivity
as the days passed. The rest of the chapter is structured as follows: Section 3.2 describes the
experimental setup followed by the material characterisation methods of plants leaves. Section
3.3 presents the measurement results and different parameters are discussed such as permittiv-
ity, the effect of weight and thickness, followed by a comparison of transmission response of all
eight leaves between day 1 and 4. Finally, summary is presented in Section 3.4
3.2 Methods
3.2.1 Experimental Setup
We used a Swissto12 material characterisation kit (MCK) operating in the THz frequency range
to obtain the scattering parameters of the plant leaves. The MCK was attached to a Keysight
Technologies N5224A microwave network analyzer (NA), the frequency range of which was
shifted in the THz frequency range via a Virginia Diode vector NA extender module WM-250
(WR 1.0), enabling operation in the frequency range of 0.75 to 1.1 THz with a resolution of 2
GHz. The MCK comprised of two conical waveguide horn transitions with further two sections
of the low-loss corrugated waveguide. A small aperture between the two low-loss corrugated
waveguides allows the material samples to be inserted into the system during the measurement.
Moreover, each half of the MCK comprises a waveguide which transitions from a rectangular
waveguide at one end to a corrugated circular waveguide at the other. Furthermore, one half of
the MCK, is fixed, while the other half is movable (to easily accommodate the insertion of the
sample to be measured). To avoid any structural damage while the leaf specimen was clamped
in the MCK for observation, we used two PTFE caps that enabled a uniform compression of the
samples as shown in Figure 3.2. Prior to the measurement, the setup was configured using the
two-port short-open-load-thru (SOLT) calibration technique.
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Figure 3.2: Representation of experimental setup used for measurement of leaf sample. The leaf
sample is placed between the two PTFE caps fitted to waveguide.
3.2.2 Sample Details
Eight different kinds of pot herbs were used, namely coffea arabica, aromatic coriander, basil,
baby-leaf, pea-shoot, parsley, lamb’s lettuce, and baby spinach. The fresh leaves were detached
from the plants and placed in the laboratory for four consecutive days. The environment tem-
perature for the measurements of leaves was 18.0◦C± 0.1◦C and the humidity was between
30%±2%.
In this study, the weight and thickness of leaves were determined for four consecutive days
using a precision electronic scale and Vernier caliper respectively. The leaves’ thickness and
weight were measured every 2 h during the natural evaporation of leaf moisture. We used a
Vernier scale to measure the leaf thickness and this process was repeated to determine thick-
nesses at three different locations to ensure the thickness was consistent across the surface of a
leaf, which was in the range of 40 µm to 4 mm. The weight of leaf was measured using a digital
kitchen scale with a least count of 0.1 mg. All leaves were measured at three different locations
and on every location, four various orientations were considered to investigate the behaviour of
leaves. From these observations, the purpose was mainly to determine any unevenness in the
surface of leaves that may result in a change in the scattering response. For further illustration,
Figure 3.3 shows the response of coffea leaf at three different locations which suggests that the
orientation of leaf does not affect the measurements.
3.2.3 Material Characterization of Plant Leaves
The Nicholson-Ross-Weir (NRW) method [231] is the most common technique in which the
dielectric parameters εr and µr of a planar material are extracted from a two-port vector NA
measurement in which the transmission and reflection coefficients are obtained through the S-
parameters. This widely accepted approach is particularly attractive for THz applications and
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Figure 3.3: Real part of permittivity of coffea leaves at three different locations taken on days 1
and 4.
rely on the measurement of the complex transmission where the specimen where the sample
is fitted inside the wave-guide [231]. This method belongs to the category of frequency-by-
frequency material extraction in which every point from the frequency sweep is used. In gen-
eral, the NRW method generates both the complex permittivity εr = ε ′′r − jε ′r and permeability,
µr = µ
′
r− jµ ′′r of the specimen under test. Here, we assume that the leaves are non-magnetic
and compute only the permittivity. One of the intrinsic problems of the NRW method is the pe-
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riodicity of the phase of the electromagnetic wave that leads to ambiguous results. This problem
has been discussed at length in other works [232–234]. To rectify this, we follow the step-wise
approach in which the phase ambiguity is removed by using the phase delay information from
the previous frequency point [235]. In this chapter, we consider a plant leaf as a planar slab of
thickness d which is positioned between two air-filled circular waveguides. With the help of
an equivalent transmission line model, the reflection (Γ) and transmission (T ) coefficients of a
semi-infinite slab are expressed in terms of the measured s-parameters, S11 and S21 as [236],
Γ = χ±
√
χ2−1, T = S11 +S21−Γ
1− (S11 +S21)Γ
, (3.1)
where the intermediate variable χ is defined as
(
S211−S221 +1
)
/2S11. In the case of the slab
with a finite thickness d, the transmission coefficient T can be described in terms of the prop-
agation constant, γ as, T = exp(−γd), which can subsequently be written in the Euler form as
|T |exp(− jφ) where φ denotes the phase term. The propagation constant is then determined
using [234],
γ =
1
d
{− log(|T |)− jφ + j2πn}where n ∈ Z (3.2)
which results in an infinite number of branches of the complex valued root due to the logarithmic
function, demonstrated by the presence of the 2πn term. The problem of selecting the proper
branch is solved by the technique proposed in [235] in which at each frequency point, the phase
delay information is recovered from the previous frequency point. If the phase difference, φi−
φi−1 < π , the method ensures the current branch is selected. The permittivity is then calculated
by [237],
εr =
γ
γ0
[
1−Γ
1+Γ
]
. (3.3)
3.3 Results and Discussion
In this chapter, we aimed to determine the electromagnetic properties of leaves including per-
mittivity, and physiological features such as weight and thickness that can affect the WC of
leaves. In addition, a strong correlation between the determined properties and WC of leaves
was observed. Furthermore, the transmission response of all eight leaves were investigated for
four consecutive days.
3.3.1 Permittivity of Leaves
The complex-valued permittivity of eight different types leaves were extracted from measure-
ments taken from three various locations with different percentage of WC in them. Furthermore,
on every location, measurements were recorded using four different orientations of the leaves
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Figure 3.4: Cont.
to observe any anisotropic behaviour. Figure 3.3a shows that for a coffea arabica leaf, neither
the location, nor the leaf orientation had any effect on the real part of permittivity on day 1.
However, the effect of location was notable on the day 4 as shown in Figure 3.3b. This drastic
decrease in the leaf thickness is responsible for this behaviour. Similar patterns were observed
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Figure 3.4: Real part of permittivity of all eight leaves measured on four consecutive days.
Leaves become transparent to electromagnetic waves with the passage of days as seen by the
decrease in the permittivity.
for other types of leaves as well. Figure 3.4 shows the real part of the permittivity for all the
leaves measured on four consecutive days. It is significant to observe that all the leaves revealed
the highest permittivity on day 1 when the WC in fresh leaves was the highest, and as the days
progressed, permittivity showed a decrement when leaves became water stressed. Hence, dielec-
tric parameter measurements differed significantly on days 1 and 4 for fresh, and water-stressed
leaves. From these observations, it also showed a clear correlation between the permittivity and
WC of leaves, i.e., fresh leaves with a higher amount of WC would have a high permittivity
and vice versa. From Figure 3.5, it is evident that the real part of permittivity shows a strong
decaying correlation with WC. As observed in Figure 3.4, various leaves also showed distinct
decreasing responses from each other, attributed to different lead composition and structure.
In this study, we have also shown that the real part of permittivity can be used to classify leaves,
that are described here with an accuracy of 98.2%.
3.3.2 Estimating Leaf Water Content
In this study, WC in leaves was observed by determining the physical parameters such as weight
and thickness. Referring to the weight of leaves, the time duration between the two weight mea-
surements were maintained from two to three hours for all four consecutive days. It was noted
that there was significant decrease in the weights of some leaves as shown in Figure 3.6 on day
1, i.e., basil, baby-leaf and pea-shoot, whereas, other leaves displayed a slow decreasing trend
in weight loss of leaves as days progressed. This clearly indicated that the moisture in leaves
evaporated more rapidly on the day 1 and 2 compared to day 3 and 4, thereby creating more
air cavities in the leaves. To assess the variation of leaf WC during the leaf’s water evaporation
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Figure 3.5: Correlation of permittivity with loss of WC in leaves.
process, the measurements were translated into WC using 3.4 [167, 238].
WC =
Wtime−Wdry
Wfresh
×100 (3.4)
where Wfresh is the weight of the fresh leaf, Wtime is the weight of a leaf measured over time and
Wdry is the weight of a dry leaf. In the beginning, the WC loss observed between the two hours
on day 1 was found in the range of 5% to 22%. At the end of the investigation on day 4, this
loss increased during the natural evaporation of leaf moisture and was established in the range
of 83.12% to 99.33%. The obtained percentages loss of WC can be validated with Figure 3.6a.
Considering this discussion, it also showed a significant correlation with the real part of the
permittivity which was the highest on the first day when the weight of leaves was considerably
high compared with the fourth day as shown in Figure 3.5.
The thickness of all the leaves was carefully determined to avoid any excess pressure to the
samples that would cause disturbances in the morphological structure of the leaves, changing the
dielectric properties of the samples as a result. As seen in Figure 3.6b, the thickness of leaves
was considerably higher on day 1, implying a greater WC in fresh leaves compared to day 4
when mostly, all leaves were dried out. From this significant and meaningful observation, it was
concluded that dehydration of leaves with passing days affected the thicknesses to a substantial
degree. On day 4, some leaves stayed invariant or slight changes occurred in the thickness
of leaves i.e., coriander and spinach as shown in Figure 3.6a. These transformations in the
thickness of leaves evidently showed that WC in coriander and spinach leaves had evaporated to
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Figure 3.6: Change in the physical properties of leaves with time.
the maximum on day 4 and no further variations could be observed in thickness of leaves.
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Figure 3.7: Transmission response of leaves on first and fourth days.
3.3.3 Evaluation of Leaf Transmission Response
In this section, transmission responses of all leaves were observed on day 1 and 4 as shown
in Figure 3.7. The transmission response basically indicate the waves that passes through the
plant leaves revealing the freshness and staleness of plants leaves. It was noticed that on day 1,
attenuation’s of all leaves were substantially high due to the presence of higher WC in tissues
of leaves, which resulted in a higher absorption and lower transmission response. Moreover, on
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day 4, a substantial degree of increment in transmission response was observed as WC in leaves
had evaporated to large extent, which resulted in a decrement of weight and thickness of leaves
and eventually, less absorption occurred at this time. Figure 3.7 exhibited a strong correlation
of transmission response with WC, weight and thickness of leaves. Baby-leaf exhibited a lower
transmission response on day 1 compared to others, reflecting a higher presence of WC in leaf,
which resulted in higher absorption. Contrarily, parsley displayed an increment in transmis-
sion response due to the presence of less WC in the leaf and hence, producing low absorption
compared to other leaves.
3.4 Summary
In this chapter, cost-effective, novel and non-invasive technique that can determine the in-
ternal morphological structure, characterization and mainly determine the precise estimation
amount of WC in various living plants leaves at cellular level using using THz sensing to main
the healthy physiological growth and lessening the early inception of age dependant disease.
The electromagnetic properties of eight types of leaves were determined for four consecutive
days through the measured scattering parameters. The weight and thickness of the leaves were
also recorded at the same time. We observed that the leaves became increasingly transparent to
the terahertz (THz) waves through the course of four days experiment, as seen by the peaks in
the real part of permittivity. Similar decaying trends were observed in the peak values of the
real part of the extracted relative permittivity as the decreasing weight due to loss of WC. The
significance of this chapter lies in the simple, cost-effective technique and other advantages such
as: (a) The study proposes a unique technique to characterise and estimate WC of eight various
leaves in terms of electromagnetic parameters at THz frequency range from 0.75 to 1.1 THz. (b)
The electromagnetic parameters are measured in simple, fast, and non-invasive manner using a
THz material characterisation kit. Moreover, The structural integrity and configuration of leaves
were also considered by employing two polytetrafluoroethylene (PTFE) caps which were fitted
internally to the waveguide. (c) In this chapter, we establishes a notable correlation between
electromagnetic parameters with WC in leaves i.e., change in the WC of leaves is reflected in
the electromagnetic parameters at certain frequencies. In the age of a climate change driven wa-
ter conservation, the proposed scheme can be used to design efficient irrigation systems on-site
without any need to remove the leaves from plants.
Chapter 4
Machine Learning for Precision
Agriculture Using THz Waves
4.1 Introduction
The growing consciousness of fruits and vegetable quality in recent years, while utilizing natu-
ral resources such as water consumption [239], strongly demand viable and feasible techniques
to detect early symptoms of plants drought stresses [239, 240]. The recent climate transforma-
tions and growing deficiency of water resources have posed enormous challenges, particularly
in the applied plant biology sector [241, 242]. In this regard, much efforts have been geared by
researchers, horticulturists, and plant physiologists at various levels in the plant science sector,
towards developing feasible strategies for non-invasive techniques [125,243–246] in monitoring
the health status, and biological traits of leaves to sustain crops productivity. Hence, a precise
estimation of WC at a cellular level in plants leaves is of high-importance to growers, and culti-
vators to take appropriate and efficient measures by facilitating them with appropriate amounts
of resources inputs, i.e. water and nutrients to maintain healthy physiology [125, 241–246].
4.1.1 Related Work
In recent years, many conventional techniques [125,244–250] have been suggested for accurate
estimation of WC in leaves and studied the morphological structure of leaves in detail. These
methods including MRI, NIRS, hyper-spectral imaging [245–250] have offered better reliability
but have been suffered by some limitations and considered as time-consuming, and unsuitable
for long-term studies due to disparaging nature [246–250]. Besides, some others non-destructive
techniques such as thermal imaging [249–253] have been proposed, and yet they too are littered
with limited resolution and sensitivity issues, and transpired as inappropriate for detecting mon-
0This chapter is from paper no 3* in publication list
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itoring information on water dynamics and diminutive changes at the cellular level [250–253].
Consequently, the evolving applications of THz-TDS technology, which is considered as non-
intrusive, has been deployed in the field of plant physiology to detect anomalies proactively and
investigate the structural behaviour and complex traits of leaves under the particular environ-
ment [253–255]. This technique is proven to be more effective and reliable compared to other
approaches. However, it is a costly technique, and on-site access is limited [253–255].
4.1.2 Objectives and Contributions
Meanwhile, terahertz (THz) technology has been widely used in diverse field applications such
as diagnostic applications of dental and skin-care [242, 256, 257], unseen hazard items [258],
material characterizations [242,243], and telecommunications [243,257]. However, researchers
from plants science sector are of the strong view that its potential to disseminate through plants
sector is still to be thoroughly revealed, considering it as a new source of vital improvements for
the agricultural sector [242, 258]. The aforesaid prevailing challenges in exploring the spectral
analysis of WC in leaves using THz have immensely engaged numerous scientists and captivated
researchers from diverse fields. Moreover, evidence from multi-disciplinary agri-technology
studies show that reliable and early detection of WC in plants leaves at a cellular level can drive
agricultural productivity and optimize the economic benefits [247–249]. For this purpose, ML
applications create an innovative opportunity to unravel, quantify, and understand data-intensive
processes in agricultural operational environments [259] by providing precise estimation of WC
in leaves. In recent times, the applications of ML have been immensely used in various scien-
tific fields [259] such as healthcare sector, food security, meteorology, medicine, meteorology,
economic sciences [259]. Furthermore, researchers are very keen to discover its possibilities,
specifically in modern digital agriculture systems to develop intelligent management of plants
by applying the water distribution effectively [259].
Considering the sensory characteristics of plants leaves, water is essential to the overall
growth, transpiration, and nutritional process of plants leaves [247]. Therefore, timely delivery
of the appropriate amount of resource inputs such as water and its precise quantification can
be very beneficial to drive and sustain overall crops productivity in an advanced agricultural
system [247]. This chapter presents a state-of-the-art method to closely monitoring the water
dynamics in leaves using the scattering parameters of THz pulse waves through ML. In our
study, we demonstrated that there is a clear relationship between the parameters of the pulse
wave and the plants WC within a frequency range from 0.75 to 1.1 THz. We have performed
in-lab experiments using three different plant leaves, including coffee, pea-shoot, and spinach
for four consecutive days. Subsequently, the data is pre-processed for feature extraction and
is fed to our proposed ML algorithms for automated classification of WC on different days.
Three different machine learning algorithms such as support vector machine (SVM), K-nearest
neighbour (KNN) and decision-tree (D-Tree) algorithms were used to determine the accuracy of
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WC in plants leaves.
The overarching aim of this study is to estimate and predict the future trends of WC in
plants’ leaves in an automated fashion using THz pulse waves, which is indicative of the health
status of the plants. For this purpose, we have extracted time and frequency domain-features of
THz pulse wave and use it to train ML models to monitor WC in coffee, pea-shoot and spinach
more precisely. By performing the leave-one-observation-out cross-validation, we strongly feel
that our proposed model has the capability to monitor the WC future trend proactively. Hence,
it can save crops from stresses by taking timely action, which will ultimately help to increase
yield production and optimize economic benefits. The rest of the chapter is structured as fol-
lows: Section 4.2 presents methods and the implemented methodology for data collection and
pre-processing 4.2.3, This is followed by the description of the feature extraction technique in
section 4.2.4. Section 4.3 describes the proposed classification algorithms. In sections 4.3.1
and optimal feature selection are discussed. Section 4.4.5 shows the analysis of three classifiers
results. Finally, the conclusion is drawn out in section 4.4.6.
4.2 Proposed Technique
4.2.1 Experimental Setup
In this setup, a THz Swissto12 MCK [20] was employed to obtain the scattering parameters
of three plant leaves . The MCK was connected to a Virginia Diodes Analyzer (VNA) exten-
der WM-250 (WR1.0) which operated in the frequency range of 0.75 THz to 1.1 THz. The
structural integrity and configuration of leaves were also considered by employing two Polyte-
trafluoroethylene (PTFE) caps which were fitted internally to the waveguide and could provide a
consistent compression to samples, as shown in Figure 4.1. Prior to any measurements, the setup
was calibrated using the two-port short-open-load-thru (SOLT) calibration technique to confis-
cate any unwanted errors or noise that may have occurred while performing measurements.
4.2.2 Sample
Three various kinds of plants leaves were used for measurements are coffee-arabica, pea-shoot
and baby-spinach. In this study, these fresh leaves were detached from plants, which were fully
grown and nurtured in Rouken Glen Farm, East Renfrewshire, Glasgow. According to the status
of these plants, these leaves grew well with no pests or disease and were kept in the laboratory
under the environment temperature of 18°C ± 0.1°C, and the humidity was between 20% ± 2%.
The thickness and weight of the leaves were continuously monitored for four consecutive days
using the Vernier calliper and electronic scale, respectively. The thickness of leaves appeared to
decrease substantially due to leaf dehydration. Hence, variations in WC of leaves was the key
factor that caused spectral variation in measurements, as shown in Figure 4.1. In addition, all
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Figure 4.1: Experimental setup of Swissto12 Material Characterisation Kit (MCK) system used
for measurements of leaves in the frequency range from 0.75 to 1.1 THz.
Table 4.1: The number of observations of three plants
Leaves Number of Observations
Coffea Arabica 127
Pea shoot 76
Baby Spinach 54
leaves’ thickness and weight were measured at three various locations after every 120 minutes
during the natural evaporation of WC to analyse the unevenness in the surface of leaves.
4.2.3 Procedure for Data Collection and Pre-Processing
The measurements data for all three fresh plant leaves were obtained in the Radio Frequency
Laboratory at the University of Glasgow for four consecutive days. For each observation, all
distinct leaves were placed between the two wave-guides, and observations were recorded. Both
the transmission coefficients (S12,S21) and reflection (S11,S22) were determined from the mea-
surements. The overall experimental setup for measuring the WC of all fresh plants’ leaves is
shown in Figure 4.1. In this work, the focus was mainly to consider the transmission response
as features for all three leaves and is shown in Figure 4.2. Every day, the duration of measuring
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the THz transmission response was approximately 9-10 hours to observe various degree of WC
in all three leaves was, and measurements were recorded after every 120 minutes. This process
was repeated for four consecutive days. Hence, the total number of observations collected for
coffee, pea-shoot and baby-spinach for continuous four days are listed in table 4.1.
Table 4.1 shows the difference in the number of observations of leaves which indicates that
each leaf had a variable degradation in WC during the four days of measurements. On each
day, 10 rounds of weight measurements were recorded over the span of four days and converted
into WC using equation 3.4 [254, 258, 260]. Upon close analysis of Figure 4.2, it was depicted
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Figure 4.2: Transmission response of coffee, pea-shoot, and spinach leaves observed on four
different days in the frequency range of 0.75 to 1.1 THz.
that coffee, pea-shoot and baby-spinach leaves exhibited distinct responses on all four days. On
day 1, the transmission response for all leaves was significantly low due to the presence of high
volumetric WC in leaves. Notably, pea-shoot revealed a response in the range of -40dB to -45dB
reflecting a distinct characteristic from other leaves. The difference in transmission response
also highlighted a physiological process, affecting the variability of the water dynamics in these
various plants leaves.
4.2.4 Feature Extraction Methods
During the THz experimental campaign of measuring the transmission response of leaves, the
observations spawned by Swissto12 MCK were erratic (exhibiting unwanted excessive varia-
tions), especially at both ends of frequency range from 0.75 to 0.80 THz and 1.05 to 1.1 THz
as shown in Figure 4.2 [261]. The effect of this undesired noise could be crucial and may have
produced false observations about the WC in leaves in rest of the frequency region. Inevitably,
it would have produced counterfeit classification results by classifiers about the quantification
of WC in leaves. Furthermore, any erroneous estimation of WC in leaves would ultimately af-
fect their overall biological and physiological process of growth. Hence, it was significant to
discover the sensitive frequency region (SFR) with the minimum effects of any unwanted errors
in the overall observation data. Therefore, the target response region (TRR) was established
where observations could be visibly distinguished without any overlap for leaves on all different
days. The TRR for coffee leaf was selected in the range of 0.82 to 1.05 THz, as shown in Figure
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4.3. Furthermore, useful observations would also have a fruitful impact on overall classification
outcome.
Figure 4.3: Identification of target response region (TRR) to consider only relevant and impor-
tant features for the feature extraction process.
Researchers have suggested and applied many features extraction techniques to execute the
classification accuracy [262]. In this work, observations recorded were in the frequency domain
had to be converted into time and time-frequency domain to further minutely observe the be-
haviour of WC in in various leaves by analysing statistical features. Hybrid combinations of
multi-dimension features domain would have a favourable response in classification accuracy
by reducing overall dimensions of initial features [262]. The frequency-domain was converted
into the time domain and time-frequency domain by applying Inverse Fast Fourier Transform
(IFFT) and Short-Time Fourier Transform (STFT) respectively [262]. The list of different do-
mains is summarised in Table 4.2. Hence, out of 201 features, only 25 significant features were
considered which comprised of 11, 10, and 5 in the time-domain, frequency domain, and time-
frequency domain respectively as indicated in Table 4.2. The block diagram of the proposed
classification system for different days based on multi-domain features extraction approach is
shown in Figure 4.4.
4.2.5 Evaluation of Frequency Features Extraction
Since the data obtained from VNA was in the frequency domain, it was significant to focus
mainly on the region that gives the maximum and the accurate information about the existence
of WC in all three leaves. For this purpose, as mentioned earlier, TRR was mainly required.
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Figure 4.4: The flow chart of the proposed algorithm implementation process.
In this regard, five windows bins with a width of 20 were initiated in the middle region (0.92
THz at index=100) and symmetrically expanded to both sides of the frequency region. From
Figure 4.3, the data under the observation of the selected area can be seen, and was applied to
the rest of two leaves as well. In addition, the frequency domain features included a cross-power
spectral density and variance of power spectral density and is given by the equation 4.1 [263]
respectively. From the equation 4.1, Y nl (a) represents the transmission response of the reference
signal. In equation 4.1, T (a) implies the transmission response of l -th leaf on an nth day. Here,
‘w’ is considered as the width of the frequency window as depicted in Figure 4.3.
Var{Yll(a)}= 1wE
[{
Y nl (a)∗ .Y
n
l (a)
}]
max{Ylm(a)}= max
( 1
wE
{(
T (a)∗ .Y nl (a)
)}) (4.1)
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Table 4.2: Feature Extraction Technique for all Three Leaves
Time
domain
(Statistical
Features)
Serial
No.
Frequency
domain
Features
Serial
No.
Time-
Frequency
domain
Serial
No.
No. of
Features
11
No. of
Features
10
No. of
Features
(4)
Mean 1 CPSD (D = 20) 12 Subband 1 22
Variance 2 CPSD (D = 40) 13 Subband 2 23
(MAD) 3 CPSD (D = 60) 14 Subband 3 24
Skewness 4 CPSD (D = 80) 15 Subband 4 25
Kurtosis 5 CPSD(D = 100) 16
Standard
deviation
6 PSD(D = 20) 17
MAV 7 PSD (D = 40) 18
75th (Q3) 8 PSD (D = 60) 19
25th (Q1) 9 PSD (D = 80) 20
PCC 10 PSD (D = 100) 21
IQR 11
4.2.6 Evaluation of time features extraction
For statistical features, the transmission response of time-series of THz pulse was observed from
days 1 to 4, indicating any possibilities of WC in leaves. Therefore, it was required to convert
frequency domain data into the time-domain features to observe meaningful THz pulse. For this
purpose, 11 time domain features were employed and they are mean, median, mean of absolute
value (MAV), standard deviation (STD), mean of absolute deviation (MAD), skewness and kur-
tosis, Pearson correlation coefficient (PCC) [264], 25th percentile (Q1), 75th percentile (Q3) ,
and Interquartile Range (IQR) [265]. In which, mean and standard deviation were particularly
useful to provide significant information about the distribution of data [261]. Skewness produced
meaningful information about the irregularities of the examined area and its distribution around
its mean [265, 266]. Moreover, kurtosis presented a measure of evenness relative to a standard
distribution [265]. Q3 and Q1 showed how the observation data were dispersed in the two sides
of the median. PCC was used to measure the linear relationship between the time-domain wave-
forms of the sample and the reference signal [265]. IQR was also used to measure the variability
of the dataset and shows the difference between Q3 and Q1 while measuring the data distribution
set. This information was also helpful in terms of excluding irrelevant data [265].
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4.2.7 Evaluation of Time-Frequency Features Extraction
The demand for considering time-frequency technique such as Short-Time-Fourier-Transform
(STFT) and Wavelet Transform (WT) was mainly to obtain the detailed information of THz
pulses in this domain [267] The WT technique was more appropriate to analyse short-term THz
pulse produced because of any diminutive variations occurred at the cellular level, reflecting an
information of WC in leaves. After the de-noising process, the wavelet spectrum features were
extracted by considering the power of various sub-bands at different levels as defined in equation
4.2 to extract the time-domain features [268, 269].
E( j, i) =
1
N
N
∑
k=1
[Pk( j, i)]
2 (4.2)
In the above equation, j denotes the level of wavelet decomposition and ith indicates as the
sub-band and ‘N’ is the number of wavelet coefficients Pk( j, i) is basically the wavelet coefficient
vector of ith sub-band in the jth Hence,E(j, i) denotes the average power value of ith sub-band
at the jth level. Table 4.2 summarised the features extracted from time, frequency, and time-
frequency domains. Each feature is assigned one serial number from 1 to 25, in which, 1-11, 12-
11 and 22-25, were the serial numbers of time-domain, frequency-domain, and time-frequency
domain features, respectively.
4.3 Classification Algorithm for Proactive Estimation of Wa-
ter Content in Leaves and Parameters Selection
In this section, the significant of optimum parameters were determined for three classifiers in-
cluding SVM, KNN, and D-Tree. In addition, on the basis of suitable parameters selection,
classification algorithm was developed, and its performance was evaluated for precise estima-
tion of WC in leaves.
4.3.1 Selection of Optimal Parameters Values
For accurate classification results, it was significant to have optimal parameters for classifiers.
Here, three classifiers which include SVM, KNN and D-Tree were considered for precise esti-
mation of WC in three leaves from day 1 to 4. For each classifier, a series of values for tuning
the process with optimal parameters were determined to achieve the highest overall classifica-
tion accuracy and performance of classifiers were also analysed. For SVM, two parameters i.e.
the optimum parameters of cost (C) and kernel width parameter (ϒ) are required to be set when
applying the SVM classifier with radial basis function (RBF) kernel to achieve the optimized
SVM algorithm [270]. The ‘C’ parameters helped to decide the actual size of mis-classification
permitted for non-separable training data and adjusted the rigidity of the training data [271].
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Larger values might lead to an over-fitting model and vice versa. The kernel width parameter
(ϒ) facilitated the shape of the class-dividing hyper-plane, and increasing or decreasing the value
of (ϒ) could influence the shape of the class-dividing hyper-plane, and it eventually disturbed
the classification accuracy. For this purpose, a series of values were assessed and to establish
the most suitable value for ‘C’ for available data, and finally “1” was chosen for ‘C’, and “0.38”
was selected for (ϒ).
The basic theory behind the KNN was to discover a group of ‘k’ samples that appeared
to be nearest to the unknown samples [270]. From k-samples, the label of unknown samples
could be determined by evaluating the average values for class-attributes [270, 271]. Thus,
tuning this fundamental parameter of k-sample played a significant role in achieving the ultimate
performance of this classifier. For this purpose, a different range of values was established, and
finally, it was settled in the range from 1 to 5 to recognize the optimal ‘k-value’ for all training
sample sets. For D-tree, again the various range of numbers for splits in D-test was analysed for
the available data to identify the optimum parameter. Eventually, it was set to 5, and the rest of
the settings were retained as default values for this classifier.
4.4 Results
4.4.1 Classification Accuracy and Features Selection
In this study, the performance of proposed classifiers including SVM, KNN, and D-Tree was
assessed on raw data and on individual domain features. Furthermore, all classifiers showed
distinct performances on individual domain features. Henceforward, classification accuracy for
a hybrid combination of all three domains was also obtained. Towards the end, features selection
was illustrated using the various state-of-the-art techniques.
4.4.2 Assessment of Classifiers on Raw Data
Before processing the classification accuracy of raw data, the frequency range of 0.75 to 1.1
THz was considered for executing classifications. Also, all observations were taken as separate
features and performance of the classifiers were tested on all features. The main aim here was to
evaluate the classifier response by examining all observations of three leaves at different days at
every frequency point. Hence, three classifiers, including SVM, KNN, and D-tree performances
were tested to estimate the WC in leaves more accurately and precisely. The classifiers were
trained and validated using a k-fold and feature set was partitioned into 10 “folds” randomly.
The observations data was partitioned into 70% and 30% training and testing data, respectively.
Table 3 listed the average classification accuracy results of all three classifiers.
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By close investigations of results in Figure 4.5 and Table 4.3, it was depicted that clas-
sification accuracy for all leaves found in the range of 70%-75%. This low accuracy reflected
some redundant or irrelevant features in the overall 201 features points, which badly affected the
classification accuracy. Therefore, the performance of all three proposed classifiers could be im-
proved by reducing undesired features and selecting more meaningful and informative features
to produce an accurate estimation of WC in all three leaves. Thus, the purpose of observing the
performance of the classifiers on raw data was mainly to explore the TRR, as explained in the
previous section.
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Figure 4.5: Classification performance of raw data for coffee, pea shoot and spinach leaves
considering all features from 0.75 THz to 1.1 THz.
Table 4.3: Raw data classification Results for Three Leaves
Classification
Accuracy (%)
Time
domain
features (11)
Frequency
domain
features (10)
Time-frequency
domain features
(4)
SVM 80.22% 76.26% 75.78%
KNN 75.1% 72.95% 74.98%
Decision Tree 76.24% 69.58% 76.93%
4.4.3 Assessment of Classifiers for Individual and Hybrid Combination
Features
Once the parameters were set for all classifiers, its performance was investigated on different
domain features individually and a hybrid combination of all three domain features. So, its per-
formance accuracy was accomplished, and Table 4.4, 4.5, and 4.6 demonstrated the classification
accuracy results for coffee, pea-shoot and baby spinach, respectively. The classification accu-
racy results were obtained for 25 extracted features which were obtained using feature selection
technique such as sequential forward selection (SFS), sequential backward selection (SBS)and
Relief based selection algorithm (Relief-F) [273]. These 25 features were comprised of time
domain, frequency domain and time-frequency domain features. Upon close analysis, the clas-
sifiers performed relatively better for coffee leaf compared to pea shoot and baby spinach for set
parameters.
Moreover, it also showed that the precise estimation of WC presence in coffee leaf from day 1
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Table 4.4: Classification Results for Coffee Leaf
Classification
Accuracy (%)
Time
domain
features (11)
Frequency
domain
features (10)
Time-frequency
domain features
(4)
SVM 92.6% 93.0% 91.6%
KNN 90.0% 91.8% 89.4%
Decision Tree 91.2% 90.7% 91.2%
to day 4 had been substantially improved compared to other leaves. Since the content of water is
vital indicator for explaining the plants overall vitality and growth processes, therefore, timely
detection of any deficiency in WC plays a signification role in monitoring the health status of
leaves effectively. After the individual performance of three features domain, another attempt
was made to assess the performance of the classifier for hybrid combinations of all three domain
features collectively. Table 4.7 displayed the classification accuracy of all three classifiers for
all three leaves. In this condition, classifiers were trained and cross- validated by applying k=10
folds, and the performance of all three classifiers was obtained. These classifiers, including
SVM with RBF kernel, KNN with k=5 and D-Tree, were trained and cross-validated by apply-
ing k=10 folds. By comparing the results of hybrid combinations with individual classification
performance, it was discovered that the combination of features produced an improvement in
classification accuracy for all three leaves. Previously, individual classification only enhanced
the coffee leaf, whereas the combination of all three domain collectively improved the perfor-
mance for other leaves, including pea shoot and baby spinach.
Table 4.5: Classification Results for Pea shoot Leaf
Classification
Accuracy (%)
Time
domain
features (11)
Frequency
domain
features (10)
Time-frequency
domain features
(4)
SVM 86.6% 79.2% 80.6%
KNN 79.0% 78.8% 81.4%
Decision Tree 81.2% 81.7% 82.2%
4.4.4 Optimization and Feature Selection
In this work, the aim was to remove any redundant or irrelevant features through the feature
selection technique to enhance the classification performance by lessening the computational
cost for deployment. The methods for feature selection contain filtering methods which were
based on the evaluation of the relevance of features, and other wrapper methods were based
on a strong search of a different set of features [272]. We considered three feature selection
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Table 4.6: Classification Results for Baby Spinach Leaf
Classification
Accuracy (%)
Time
domain
features (11)
Frequency
domain
features (10)
Time-frequency
domain features
(4)
SVM 82.6% 81.1% 84.6%
KNN 81.0% 78.8% 81.4%
Decision Tree 78.2% 79.7% 82.2%
Table 4.7: Classification Results of Hybrid Combination Features for all leaves
Classification Accuracy of
three Leaves
SVM KNN D-Tree
Coffee 94.46% 93.76% 91.15%
Pea shoot 93.42% 91.62% 90.64%
Baby spinach 91.13% 90.38% 89.01%
algorithms named as sequential forward selection (SFS), sequential backward selection (SBS)
and Relief based selection algorithm (Relief-F) to execute the feature selection process [273].
Out of these three algorithms, SFS and SBS were considered the two most empirical selection
algorithms [273]. SFS begins with an empty set and integrates the most suitable feature in every
step, and exhibiting a high accuracy by employing a classifier until the pre-defined features are
tallied up [273].
On the contrary, SBS operates opposite to the SFS and begins with full occupied features and
disposed of unmatched features in every step by specific criterion function till the pre-defined
features are [274]. Intriguingly, Relief-F can propose a more efficient technique compared to
SFS and SBS and comprehend the relations of features to compute the weights of the features
for accurate ranking and selection irrespective of any dependency on specific classifiers [275].
Figure 4.6 depicted the performance of SFS features selection for coffee, pea-shoot and baby
spinach leaves using three classifiers.
From Figure 4.6, it was noticed that SVM performed considerably better for all leaves
compared to other classifiers using different selection techniques. In addition, Table 4.8,4.9, and
4.10 displayed the classification accuracies for coffee, pea shoot and baby spinach leaves, re-
spectively, using various features selection techniques with the required number of features. By
applying a features selection algorithm to classifiers, they produced an improvement of 4%, 3%
and 6% for coffee, pea-shoot, and baby spinach leaves using SVM classifiers through SFS tech-
nique. The performance of KNN for coffee, pea-shoot, and baby spinach leaves also presented
progress in results by 3%, 4%, and 5% correspondingly. These tables indicated the different
combinations of features including frequency, time-domain, and time-frequency domain fea-
tures for classification accuracy.
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As explained in the previous section, it was aimed at reducing the computational time using
feature selection techniques. So, in this study, Table 4.11 presented the overall execution time
taken by three classifiers for generating results using various feature selection techniques. It was
established that execution time taken by classifiers for selected features by performing 10-fold,
cross-validation showed considerable enhancement compared to extract features. For example,
coffee leaf exhibited an improvement of 15%, 11.9% and 6.5% in computation time for SVM,
KNN and D-Tree, respectively, using SFS technique. For pea-shoot, an upgrade of 21.28%,
10.01%, and 8.53% was noticed in operating time for SVM, KNN and D-Tree classifiers, re-
spectively. Lastly, in baby spinach leaf, considering SFS technique, SVM showed an upgrade
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Figure 4.6: Transmission response of coffee, pea-shoot, and spinach leaves observed on four
different days in the frequency range of 0.75 to 1.1 THz.
of 21.28% in SVM, 10.01% in KNN, and 8.53% in D-Tree operating times. These outcomes
indicated that selecting the most relevant and vital features not only enhanced the overall opera-
tion time for classifiers but also improved the classification as confirmed with Table 4.8, 4.9, and
4.10. Hence, Table 4.11 is significant for finding the performance of classifiers with less compu-
tation time for execution of classification accuracy. In this work, the core purpose was not only
to achieve less computation time but also to select relevant features with maximum information
using various feature selection techniques. In addition, it could utilize less time and produce
maximum accuracy for estimation of WC in plants leaves to maintain a healthy physiological
status.
4.4.5 Discussions
In this section, the performance of three proposed classifiers were assessed by employing two
commonly quality metrics such as sensitivity or recall (also known as true-positive rate) and
specificity (also called false-positive rate) [265, 276]. Here, sensitivity values indicated the pos-
sibility of correct identification of labelled class from the remaining target classes [265]. In
contrast, specificity showed the probability of appropriate classification as non-target classes
from the remaining un-aimed classes [276]. The purpose of utilizing these two widely accepted
metrices [265, 276] was mainly to detect any misclassification that could occur, leading to inac-
curate information about WC in leaves for four consecutive days.
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Table 4.8: Classification Performance for coffee leaf by Applying Tenfold Validation Using
Proposed Algorithm with Selected Features
Feature Selection
Methods Classifiers
Serial No.
of Features
Total No of
Features
Accuracy
(%)
SFS
SVM
KNN
D-Tree
24
22
24
1-19, 21-25
1-6, 8-11, 13-
21, 23-35
98.5
97.2
96.5
SBS
SVM
KNN
D-Tree
24
24
24
1-19, 21-25
1-21, 23-35
1-23, 25
96.5
98.6
97.6
Relief-F
SVM
KNN
D-Tree
10
2,4,10,11,17
-21,25
97.1
95.9
96.8
Table 4.9: Classification Performance for Pea-shoot leaf by Applying Tenfold Validation Using
Proposed Algorithm with Selected Features
Feature
Selection
Methods
Classifiers
Serial No. of
Selected Features No of Selected features
Accuracy
(%)
SFS
SVM 18 1-6, 8-14, 17, 19, 20, 22, 25 97.2
KNN 13 1-5, 9-11, 18-20, 23, 25 94.4
D-Tree 7 2, 4, 5, 6, 17, 18, 19 93.1
SBS
SVM 3 13, 19, 22 96.8
KNN 5 7, 12, 17, 19, 20 94.9
D-Tree 2 8, 20 92.3
Relief-F
SVM
12 2,4,10,11,17-21,23-25
98.6
KNN 99.1
D-Tree 95.5
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Table 4.10: Classification Performance for Baby-Spinach leaf by Applying Tenfold Validation
Using Proposed Algorithm with Selected Features
Feature
Selection
Methods
Classifiers
Serial Num. of
Features Total No of features
Accuracy
(%)
SFS
SVM 24 1-12, 14-25 97.9
KNN 23 1-14, 17-25 96.4
D-Tree 5 3,5,17,20,21 96.1
SBS
SVM 23 1-11, 13, 15-25 96.8
KNN 24 1-13, 15-25 94.5
D-Tree 5 7,8,9,11,15 93.2
Relief-F
SVM
17 2,4-7,10,11,15-21,23-25
98.6
KNN 99.1
D-Tree 95.5
Table 4.11: Classification Performance of all classifiers by Applying Tenfold Validation Using
Proposed Algorithms with Selected Features
Feature types and feature selection methods
Computation time (s)
SVM KNN D-Tree
Coffee leaf:
Extracted Features 0.7282 0.5309 0.4021
Selected Features:
SFS 0.5706 0.4123 0.3371
SBS 0.6456 0.4240 0.3202
Relief-F 0.6252 0.4842 0.3582
Baby Spinach leaf:
Extracted Features 0.8975 0.4265 0.4053
Selected Features:
SFS 0.6062 0.4128 0.1071
SBS 0.4259 0.3576 0.3247
Relief-F 0.4485 0.3875 0.3490
Peashoot leaf:
Extracted Features 0.6825 0.4405 0.4196
Selected Features:
SFS 0.4699 0.3404 0.3343
SBS 0.6504 0.1734 0.3149
Relief-F 0.5088 0.3766 0.3759
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Table 4.12: Classification Performance of all classifiers by Applying Leave-One-Observation-
Cross-Validation Techniques with Selected Features
Quality metrics Water Content (%) SVM KNN D-Tree
Coffee leaf Day 1 82.84
SENS 1 1 1
SPEC 1 1
Day 2 41.22
SENS 1 0.929 0.976
SPEC 0.988 0.965 1
Day 3 12.34
SENS 0.963 0.889 1
SPEC 1 0.912 0.99
Day 4 0.51
SENS 1 1 1
SPEC 1 1 1
Peashoot Day 1 76.84
SENS 1 1 1
SPEC 1 1 1
Day 2 49.22
SENS 1 0.892 1
SPEC 0.962 0.982 0.971
Day 3 18.91
SENS 0.545 0.727 0.636
SPEC 0.984 0.967 0.984
Day 4 0.21
SENS 0.919 0.85 0.833
SPEC 0.987 0.85 0.933
Spinach Day 1 71.14
SENS 0.995 1 1
SPEC 1 1 1
Day2 34.22
SENS 1 1 1
SPEC 0.976 1 1
Day3 10.34
SENS 0.909 0.545 0.851
SPEC 0.923 0.949 0.897
Day4 0.10
SENS 0.727 0.818 0.636
SPEC 0.974 0.872 0.949
These two-quality metrices depicted the performance of classifiers ranging values from 0
to 1 on days 1 to 4, indicating the presence of WC in all three leaves. Table 4.12 illustrated the
performance of all classifiers using a feature selection method and showed the WC presence in
all three leaves from day 1 to 4. From Table 4.12, it was also perceived that SVM outperformed
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Table 4.13: The Confusion Accuracy with Leave-One-Observations-Out Cross-Validation
Method of all Leaves for each day along with monitoring the water content values for each
day
Samples Classes
Classifiers Test Accuracy Performance (%)
Water Content (%)
SVM KNN D-Tree
Coffee Leaf
Day1 100 100 100 82.84
Day2 95.2 88.1 100 41.22
Day3 100 92.6 92.3 12.34
Day4 100 100 100 0.71
Variance 0.58 1.09 0.92
Peashoot
Leaf
Day1 100 100 100 76.84
Day2 100 87.5 87.5 49.22
Day3 93.6 78.4 74.2 18.91
Day4 95.0 89.3 91.7 0.21
Variance 1.55 2.27 3.60
Baby Spinach
Leaf
Day1 100 100 100 71.14
Day2 100 100 100 34.22
Day3 92.6 88.6 75.5 10.34
Day4 94.7 89.7 91.3 0.10
Variance 1.76 2.90 4.60
other classifiers for a coffee leaf on different days. Moreover, the assessment of quality metrics
for a coffee leaf on days 1 and 4 performed noticeably better, revealing the freshness and stale-
ness of leaf. These results also discovered that the presence of WC on day 1 was high and low
on day 4, which helped the classifier to execute the improved performance. Furthermore, it was
worth noting that the classification accuracy for all leaves on days 2 and 3 was slightly challeng-
ing when the presence of WC in leaves was found in the range of 20% to 50% approximately.
Considering the real-life scenario, the proposed methodology can be substantial by observ-
ing the performance of the classifiers for leave-one-observation-out cross-validation method to
achieve different days classifications accuracy and for accurate estimation of WC in leaves. This
proposed method evaluated the actual performance of the classifier model by randomly selecting
each observation from the dataset considered as a validation set, while the remaining observa-
tions were taken as the training set. This process continued until all observations from the dataset
were nominated for the validation set for at least one attempt. Table 4.12 illustrated the accu-
racy of the classifications of all leaves for each day by applying the leave-one-observation-out
cross-validation technique.
From Table 4.13, it was perceived that SVM classification accuracy outperformed other
classifiers for all leaves by showing minimum variance. It also displayed that variability in WC
of leaves over the course of four consecutive days. Furthermore, it was also noticed that for
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both days 1 and 4, classifiers produced maximum accuracy reflecting a high and low WC on
days 1 and 4, respectively. Whereas on days 2 and 3, SVM performance stayed in the range
from 92.6% to 100%, KNN yielded a range of 78.4% to 100%, and D-Tree produced a range
of 74.2% to 100%. Hence, it was concluded that SVM achieved a better classification accuracy
range on days 2 and 3 compared to other classifiers because of better variance difference. Thus,
the aim of applying leave-one-observation-out cross-validation technique was to evaluate the
consistency of classifiers by assessing all observations of different samples on different days as
depicted in Table 4.13. It was also strongly aimed to assess the performance of the proposed ML
algorithm with the incorporation of THz for real-time applications in monitoring any diminutive
variations of WC in plants leaves to help in developing digital agricultural systems.
4.4.6 Summary
In this chapter, a novel ML driven approach was proposed to accurately determine the health
status of plants leaves THz waves. In this process, transmission response of leaves was mea-
sured for four consecutive days, where each of the 201 frequency points were used as a feature.
We performed feature selection to discard any irrelevant and spurious features that could give
false observations about the WC in leaves. In this study, results showed that the performance
of classifiers was drastically improved by identifying more relevant and important features that
could can yield maximum information about WC in leaves. The selection of useful features
also reduced the computation time for the execution of classifications by all three classifiers,
which was also one of an ultimate objective. Moreover, the comprehensive cross-validation
methodology demonstrated that, in most cases, support vector machine SVM yielded highest
classification accuracy compared to other classifiers. It was observed that SVM achieved rel-
atively more reliable results for predicting the accurate WC estimation in three leaves for four
consecutive days.
This chapter demonstrates the potential and establishes a notable integration of machine
learning (ML) using terahertz (THz) waves to assess the real-time information of WC in various
plants’ leaves. In an era, where most of the farmlands around the globe are water-stressed, the
outcomes of this study can help in the design and implementation of smart, sustainable digital
agricultural technologies, which is of high importance to boost the overall crops productivity.
Chapter 5
Quality Assessment of Fresh Fruits Using
THz Sensing
5.1 Introduction
Fruits and vegetables comprise an essential part of the human diet as they are the primary source
of dietary nutrients [277]. In recent years, the rising demand for fruits quality evaluation and
sensory characteristics have posed significant challenges in the agriculture sector. Although,
manual sorting and grading can be done for the quality assessments and freshness of fruits de-
tection, still this method is significantly fickle, inconsistent, and tedious [277]. In this situation,
the identification of any microbially contaminated fruits is quite challenging and may cause se-
vere threats to human health by causing numerous diseases [277]. Therefore, this vital issue
strongly demands an intervention of innovative, viable and feasible technological solution that
can closely and accurately monitor health status and the MC of fruits to ensure its freshness and
quality [278].
5.1.1 Related Work
To address this uncertainty, many significant contributions and techniques on devising non-
destructive have been suggested to accurately determine the MC in fruits [278, 279]. These
techniques include MRI, NIRS, hyper-spectral imaging, have been investigated and widely de-
ployed to perform the qualitative analysis and composites level of fruits [278].
Regrettably, these techniques have mainly focused on determining the soluble solid con-
tent, acidity and physical attributes of fruits. Researchers, scientists and bio-technologists are
of a strong interpretation that these aforementioned factors cannot be considered as sole quality
parameters for fruits freshness [280]. Also, there are other limitations to these methods, includ-
ing low resolution and low sensitivity to detect any variations at a cellular level in fruits [281].
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To overcome these challenges, THz-TDS was introduced to acquire detailed information at a
cellular level due to its high absorption ability, sensitivity and resolution as depicted in Figure
5.1. Due to these characteristics, it can identify the early inception of nutrients contamination
in fruits [282, 283]. This technique is deemed to have a promising result to detect diminutive
variations of MC in fruit slices compared to previous methods. However, it is costly and not
portable [284].
5.1.2 Objectives and Contributions
Hence, aforesaid prevailing challenges in monitoring the internal morphology and biological
complex traits in fruits at cellular level as shown in Figure 5.1 enthralled researchers from di-
verse disciplines. Therefore, consciousness of quality control for fruits is seen as a potentially
important application area for THz systems provided reliable machine learning (ML) techniques
can be integrated with THz sensing equipment. Researchers from multidisciplinary studies em-
phasize that ML has been effectively applied in various disciplines and due to its high computing
performance, it creates novel opportunities to fully comprehend the intensive data processes in
numerous fields [282]. Some of the significant contributions achieved by applying ML in var-
ious disciplines are food security, meteorology, medicine, economic sciences etc. However,
researchers are of a strong view that its potential in the discipline of quality assessment of fruits
is still one of the least explored research areas until now [282].
In this chapter, we report a novel, and non-invasive technique to closely monitor and foresee
the future trends of MC in fresh fruits slices of apple and mango at molecular level by applying
Figure 5.1: Internal Structure of the Fruits for Four Days Using the THz Sensing at Cellular Level.
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the THz waves in the frequency range of 0.75 THz to 1.1 THz [285]. For this purpose, we have
performed in-lab experiments utilizing the fresh fruits slices of apple and mango and carefully
observed the MC in fruits by using scattering parameters of THz waves. The observed data is
further pre-processed and put into proposed ML algorithm. Thus, the integration of ML and
THz have demonstrated the strong potential of evaluating the freshness of fruits in an automated
fashion, which in turn, can help in reducing the health and purification expenses, and optimize
economic benefits by maintaining the nutrients level and MC in fruits. The chapter is organized
as follows: Section 5.2 presents the data-collection and pre-processing methodology. Section
5.3 describes the feature extraction. This is followed in section 5.4 by the feature selection
technique. In section 5.5, performance of three classifiers are discussed. Finally, summary and
future work are highlighted in section 5.6
5.2 Data Collection and Pre-processing Methodology
5.2.1 Experimental Method
In this system, we employed a THz swissto12 MCK which was connected to Keysight Technolo-
gies VNA N5224A and with extender waveguide WM-250 (WR-1.0), enabling measurements
to be performed in the terahertz frequency range of 0.75 THz to 1.1 THz as shown in Figure 5.2.
The MCK comprised of two circular waveguides with further two low-loss corrugated waveg-
uide. The movable part of the MCK enabled the material under test (MUT) to accommodate the
thickness of 40µm to 4mm [286]. The scattering parameters (S-parameters) including reflection
and transmission response (S11 and S21) was obtained after performing a fully two-port Short-
Open-Load-Thru (SOLT) calibration, aiming to lessen any undesired noise while performing the
measurements.
5.2.2 Samples Preparation
In this study, two fresh fruits samples including mango and red apple were bought from Mor-
risons supermarket in Glasgow. Subsequently, two slices of each fruits were taken as samples
with the average thickness between 2.3mm to 3.2mm. These slices were preserved carefully un-
der the ambient temperature of 18 °C±0.1 °C and humidity of 25%±2%. The thickness of each
slice was measured using a Vernier caliper at three different locations to ensure the evenness all
over the whole slice and satisfy the threshold range of MCK.
5.2.3 Data Collection
Before collecting observations, the weight of each slice was measured using a digital scale with
an accuracy of 0.1mg to monitor the variation of MC in both apple and mango slices. The weight
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Figure 5.2: Experimental set up of system for measuring the transmission response (S21) of apple and
fruit slices.
of each sample was converted into MC value with the passing time as follows [287].
MC(i j)
(k) =
M(i j)
(k) −M
(dry)
(k)
M(i j)
(k)
×100% (5.1)
Where MC(i j)
(k) and M
(i j)
(k) indicate the MC value and the mass of the k-th sample at the j-
th measurement in the i-th day, respectively. M(dry)
(k) denotes the mass of the k-th sample that
dried out to the evaporation of MC over the course of four days. It was aimed to observe the
various degree of MC in both samples at maximum location on slices. Hence, both samples
were measured at four various locations with four different orientations. At each location, ten
readings were recorded, and a total of 160 observations were collected for mango and apple
slices on each day, respectively. This whole process was repeated for four consecutive days
to monitor the variations of the freshness of fruit slices. At the end, there were 8 target data
sets collected from VNA, S(n)
(k)( fi), for two different slices (k=1,2 numbered for apple slice and
mango slice, respectively) in four consecutive days (n=1,2,3,4) with frequency fi (i=0:200) in
the range of 0.75 TH to 1.1 THz. Figure 5.3 showed the mean transmission responses (S21) of
the same day observations for apple and mango slices in four consecutive days, S(1)
(1)( f ), S
(2)
(1)( f ),
S(3)
(1)( f ), and S
(4)
(1)( f ), respectively.
In Figure 5.3(a) and 5.3(b), it can be observed that two different fruits slices including
apple and mango showed distinctive transmission responses in the THz region from day 1 to
4. The difference in transmission response also revealed the presence of different degree of
composites in the fruit, such as proteins, sugar and fats, causing the different absorption of the
THz radiation. Upon a close analysis of Figure 5.3, it was noticed that on day 1, transmission
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Figure 5.3: Shows the process of obtaining TRR area to identify useful features for performing
the classification process.
response was substantially low due to the presence of the high percentage of MC in fruits.
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5.2.4 Data Pre-processing
Prior to any data analysis, it was essential to pre-process the observations to reduce the effects
of the any unwanted background noise caused by the THz system hardware. This undesired
noise would have produced false observations of MC in samples and hence affected the overall
classification accuracy [288]. The simple method was to calculate the mean observations to re-
duce the random noise. However, the efficient technique was to consider wavelet-based method
because decomposition in the wavelet domain could provide better de-noising performance for
the ultrafast pulses of THz spectrum [288]. In our work, since observations obtained from VNA
were in the frequency domain, so, these observations were converted to the time domain by
applying Inverse Fast Fourier Transform (IFFT).
Subsequently, a three-level wavelet decomposition was adopted to pre-process the time-
domain signals of all observations with the “heuristic” and soft threshold methods. After de-
noising pre-processing, the time-domain signals were arranged into a data matrix with the di-
mension of M×N as (2) for time domain feature extraction. And the de-noising time-domain
signals were performed Fast Fourier Transform (FFT) to obtain the frequency domain response
and organized into M×N matrix as (3) for frequency domain feature extraction.
s(k) (n) =
[
s(1)
(k) (n) ;s
(2)
(k) (n) ;s
(3)
(k) (n) ;s
(4)
(k) (n)
]
(5.2)
S(k) ( fi) =
[
S(1)
(k) ( fi) ;S
(2)
(k) ( fi) ;S
(3)
(k) ( fi) ;S
(4)
(k) ( fi)
]
(5.3)
Where k=1,2 indicates apple slice and mango slice, respectively. M is equal to 640 and indicates
the number of observations of the slice k. fi denotes the i-th frequency point. N is equal to 201
and indicates the number of discrete time or frequency points.
In THz experiment system, the observations generated by MCK are raw data, and it can
be distorted due to the system’s imperfections and transmission losses at both ends of the THz
region. So, these redundant and misdetection observations may affect the overall classifica-
tion accuracy for different classifiers and produce forged information about freshness of slices.
Hence, it is vital to identify target response region (TRR) from the overall region, as shown in
Figure 5.3(b), to focus on meaningful observations and help to reduce computational loads for
optimum classification results. Hence, two-sample t-test with statistical significance difference
is performed on all observations of all different days [290]. It is noticed from cumulative dis-
tribution function (CDF) of the probability of t-test that the observations in the frequency range
from 0.8 THz to 1.05 THz exhibited a significant difference with the value of probability p near
to 0 between the different days based on MC of fruit slice. It further indicates that observations
are more sensitive in this TRR area.
The block diagram of the proposed classification system for different days based on MC
of fruit slices, as shown in Figure 5.4. Since observations obtained from MCK were in the
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B. Time Domain Features 
The main purpose of ext racting time domain features was to  
observe the transmission properties of time series of THz pulse 
referring to presence of MC in  fru it slices from day 1 to 4. For 
waveforms in  time domain, statistical features can be derived 
with an assumption that the signal is stationary [15][16]. In this 
study eleven time domain features were considered including 
mean, median, mean of absolute value (MAV), standard 
deviation (STD), mean of absolute deviation (MAD), skewness 
and kurtosis, Pearson correlation coefficient (PCC)[17], 25th 
percentile (Q1), 75th percentile (Q3) , and Interquartile Range 
(IQR). In which, mean, median, MAV, STD and MAD are 
common properties used in statistics and probability theory. 
Skewness and kurtosis are two higher statistics terms, the 
former p rovides the symmetric information of data sets relative 
to the centre point, and the latter provides the flatness of data 
sets in a uniform distribution. PCC is used to measure the linear 
relationship between the t ime-domain waveforms of the sample 
and reference signal [18][19]. Q1 and Q3 measure the value at 
the 25% and 75% location of the data set separately. IQR can  be 
applied to measure the variability of a data set. 
C. Time-Frequency Domain Features 
The time-frequency methods such as STFT and wavelet  
decomposition of the time-domain signal can provide detailed 
localization properties  of THz pulses in time-frequency domain  
[19]. The wavelet-transform (WT) was more suitable for 
analysing the short-duration pulse with fast and unpredictable 
changes to obtain interesting informat ion [18]. After wavelet 
de-noising of the observations in time domain, the 
representation of the time-frequency domain was performed by 
three level wavelet decomposition using db8 wavelet, and a 
total of four sub-band signals are decomposed, in which one 
approximation coefficient, 𝐶3(𝑛) , and three detail wavelet  
coefficients, 𝐷3(𝑛),  𝐷2 (𝑛) , and 𝐷1(𝑛) ,  can be applied to 
extract time-frequency domain features [20][21]. The features 
of the extracted wavelet coefficients can provide the energy 
distribution of the THz signal in time and frequency domain.  
IV. CLASSIFICATION RESULT AND FEATURE SELECTION 
A. Classification Accuracy for different feature datesets 
Three machine learning classifiers are employed to test five 
types of datasets, which include raw dataset obtained from 
VNA directly, three feature datasets including time -domain, 
frequency-domain and t ime-frequency domain ext racted from 
raw data in TRR region, and one hybrid combination dataset of 
three domain extracted features, respectively. Three classifiers 
are support vector machine (SVM), K-nearest neighbour (KNN) 
and decision tree (D-tree), which are mainly considered to 
distinguish the behaviour and freshness of fruit slices by 
estimating the MC of these slices from day 1 to 4. In  this regard, 
the Radial Basis Function (RBF) kernel is applied in SVM 
classifier to set key parameters including the Gaussian kernel 
scale (γ), and the optimum parameters of cost (C) to 0.35 and 1 
respectively, after the grid searching optimization of 
parameters γ(0.1: 0.05: 2) and C(0.5: 0.5: 2) [22]. For the key  
parameter in KNN classifier, we set the number of nearest 
neighbours k and the distance metric to 5 after examining the 
range of k(1:10) and Euclidean distance, respectively [23]. 
Lastly, fo r D-Tree, the maximum number of splits is set to 5. 
All the other parameters of three classifiers retain the default  
values. Furthermore, all classifiers are t rained by using 10-fold  
cross-validation to obtain the validation accuracy of 
classification of days for each fruit slice, and each type of 
dataset is partitioned into 80% and 20% t rain ing and testing 
data respectively. 
Table I depicts the comparison of all classifier’s performance 
using different datasets. Upon close analysis, it is noticed that 
the performance of all three classifiers for raw data is not very 
satisfactory compared to other domain features performance. It  
also indicates the presence of less sensitive data or data littered 
with some random noise, which has severely affected the 
performance of classifiers and can be substantially improved by 
observing a sensitive region. Moreover, to have a more realistic 
understanding of classifier results from table I, it is also found 
that classifiers for all indiv idual domain features illustrate an 
improvement of 17% approximately compared to raw data. 
Whereas individual domains classification evaluation, 
frequency domain and time -frequency domain classification 
accuracy exceed the time-domain features separately, 
frequency-domain features and time-frequency domain  
features present the same level classificat ion performance, 
which. It is due to that fact that the THz spectrum in the 
frequency domain  can provide more comprehensive radiat ion  
informat ion of samples including transmittance and absorption 
 
Fig. 4.  The block diagram of classification of different days. 
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Figure 5.4: The block diagram of proposed classification process.
frequency domain, these observations were converted to the time domain and time-frequency
domain features by applying IFFT and Short-Time Fourier transform (STFT), respectively, to
obtain feature extraction. The description of three domain features is discussed in detail in next
section individually.
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5.3 Feature Extraction Technique
5.3.1 Frequency Domain Features
The observations obtained from VNA were in frequency domain form, which can be used to
extract the frequency domain features in TRR range directly. For this purpose, the variance of
the Power Spectral Density (PSD) and the peak value of Cross Power Spectral Density (CPSD)
were considered as given in equation 5.4 and 5.5, respectively [291].
Var{Skk (ω)}=
1
D
E
{(
S(n)
(k)(ω)
∗ ·S(n)
(k)(ω)
)}
(5.4)
max{Srk (ω)}= max
1
D
E
{(
R(ω)∗ ·S(n)
(k)(ω)
)}
(5.5)
In equation 5.4, S(n)
(k)(ω) is the transmission response matrix of the k-th fruit slice in n-
th day. (·)∗ indicates conjugate transpose. D is the width of the frequency windows. ω is
the angular frequency, ω = 2π f . In equation 5.5, R(ω) is the transmission response of the
reference signal, which is measured by connecting the two halves of the corrugated waveguides
of the MCK without sample between them together.
In the TRR range, five frequency windows, D1, . . . ,D5, with equal width of each frequency
window were taken into consideration to extract frequency-domain features for observations of
fruits slices. The total area as shown in Figure 5.3 would be from 0.8 THz to 1.01 THz. The
selected region was investigated for all the observations from day 1 to day 4.
5.3.2 Time Domain Features
The main purpose of extracting time domain features was to observe the transmission properties
of time series of THz pulse referring to presence of MC in fruit slices from day 1 to 4. For wave-
forms in time domain, statistical features can be derived with an assumption that the signal is
stationary [292,293]. In this study eleven time domain features were considered including mean,
median, mean of absolute value (MAV), standard deviation (STD), mean of absolute deviation
(MAD), skewness and kurtosis, Pearson correlation coefficient (PCC) [294], 25th percentile
(Q1), 75th percentile (Q3) , and Interquartile Range (IQR). In which, mean, median, MAV, STD
and MAD are common properties used in statistics and probability theory. Skewness and kur-
tosis are two higher statistics terms, the former provides the symmetric information of data sets
relative to the centre point, and the latter provides the flatness of data sets in a uniform distri-
bution. PCC is used to measure the linear relationship between the time-domain waveforms of
the sample and reference signal [295, 296]. Q1 and Q3 measure the value at the 25% and 75%
location of the data set separately. IQR can be applied to measure the variability of a data set.
CHAPTER 5. QUALITY ASSESSMENT OF FRESH FRUITS USING THZ SENSING 69
Table 5.1: Comparison of Classification Performance of Different days Using Different Datasets
Slices Classifiers
models
Classification Accuracy (%) Execution
time
of Hybrid
features (s)
Raw
data
Time
domain
features
Frequency
domain
features
Time
Frequency
domain
features
Hybrid
features
Apple
SVM 65.2 88.6 97.0 93.6 98.9 1.6506
KNN 77.1 78.0 86.4 86.4 86.7 0.8274
D-Tree 72.4 88.2 93.2 93.2 97.8 0.6776
Mango
SVM 70.1 92.0 93.4 93.4 93.4 1.9837
KNN 79.7 87.7 86.4 86.4 88.6 0.6579
D-Tree 76.1 91.6 92.5 92.5 93.6 0.8760
5.3.3 Time-Frequency Domain Features
The time-frequency methods such as STFT and wavelet decomposition of the time-domain sig-
nal can provide detailed localization properties of THz pulses in time-frequency domain [296].
The wavelet-transform (WT) was more suitable for analyzing the short-duration pulse with fast
and unpredictable changes to obtain interesting information [295]. After wavelet de-noising
of the observations in time domain, the representation of the time-frequency domain was per-
formed by three level wavelet decomposition using db8 wavelet, and a total of four sub-band
signals are decomposed, in which one approximation coefficient, C3(n), and three detail wavelet
coefficients, D3(n),D2(n), and D1(n), can be applied to extract time-frequency domain fea-
tures [297,298]. The features of the extracted wavelet coefficients can provide the energy distri-
bution of the THz signal in time and frequency domain.
5.4 Classification Result and Feature Selection
5.4.1 Classification Accuracy for different feature datasets
In this study, three ML classifiers, namely SVM, K-nearest KNN and decision tree D-tree are
considered to analyze the performances of various features datasets. These feature datasets
are raw data collected from MCK, individual domain feature datasets of time, frequency, time-
frequency, and hybrid combination dataset of three domain extracted features. In this regard,
for each classifier, suitable parameters are selected to enhance the classification accuracy. So,
for SVM classifier, Radial Basis Function (RBF) kernel is applied to set key parameters in-
cluding the Gaussian kernel scale (γ), and the optimum parameters of cost (C). To establish the
appropriate values, series of values are assessed and eventually, 0.35 and 1 are chosen for (γ)
and (C), respectively, after the grid searching optimization of parameters γ(0.1 : 0.05 : 2) and
C(0.5 : 0.5 : 2) [299]. For KNN classifier, we set the number of nearest neighbours k and the dis-
tance metric to 5 after examining the range of k(1:10) and Euclidean distance, respectively [300].
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Table 5.2: Classification Performance of Different Days Using selected Features
Slices
Features
methods
Classifiers
Number of Selected Features Acc.
(%)
Execution
time of
selected
features (s)
Time-
domain
features
Freq.
domain
features
Time
Freq.
features
Total
no. of
features
Apple
SFS
SVM 9 6 4 19 99.8 1.2561
KNN 9 5 4 18 88.2 0.5945
D-Tree 11 8 0 19 99.5 0.2787
Relief-F
SVM
4 10 3 17
99.1 1.4327
KNN 98.9 0.5788
D-Tree 99.8 0.5510
Mango
SFS
SVM 10 8 4 22 95.4 1.3456
KNN 9 2 4 15 94.1 0.2678
D-Tree 3 1 0 4 95.2 0.2702
Relief-F
SVM
6 10 3 19
98.6 1.0870
KNN 99.1 0.6229
D-Tree 95.5 0.5861
Lastly, for D-Tree, the maximum number of splits is set to 5. All the other parameters of three
classifiers are retained as default values. Furthermore, all classifiers are trained by using 10-fold
cross-validation to obtain the validation accuracy of classification of days for each fruit slice,
and each type of dataset is partitioned into 80% and 20% training and testing data, respectively.
Table 5.1 depicts the comparison of all classifier’s performance using various feature datasets.
Upon close analysis, it is noticed that the performance of all three classifiers for raw data is un-
satisfactory compared to other domain features performance. It also indicates the presence of
less sensitive data or data littered with some random noise, which has severely affected the
performance of classifiers and can be substantially improved by observing a sensitive region.
Moreover, Table 5.1 also shows an improvement of 17% for individual domain features com-
pared to raw data. For instance, the classification performance of frequency- and time-frequency
domains exceed time-domain. Likewise, frequency- and time-frequency domain features present
the same level classification performance, which is due to that fact that the THz spectrum in the
frequency domain can provide more comprehensive radiation information of samples including
transmittance and absorption of THz waves. Furthermore, it is also perceived that the hybrid
features of three domain exhibit the best classification performance i.e. 98.9% in SVM classifier
for four consecutive days of the apple slice.
By close observations of SVM, KNN and D-Tree performance, it is evidently observed that
results could be further improved by feature extraction in TRR range of the raw data. Moreover,
using the state-of-the-art technique of feature selection method in [301], features could be com-
bined optimally from multi-domains, and this also helped to reduce the computational time by
eliminating less-informative features.
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Table 5.3: Confusion Matrix and Accuracy of Classifiers for training and Testing of Apple Slice.
Slices
Classifier
Models
Sample
Sets
Days
Predicted Acc.
day (%)
Overall
Acc.(%)Day1 Day2 Day3 Day4
Apple
SVM
Training
Day1 128 0 0 0 100
99.20
Day2 0 62 1 1 96.88
Day3 0 0 64 0 100
Day4 0 0 2 94 97.92
Test
Day1 31 1 0 0 96.88
90.91
Day2 3 12 1 0 75.00
Day3 0 0 15 1 93.75
Day4 0 0 2 22 91.67
KNN
Training
Day1 127 1 0 0 99.22
89.57
Day2 16 42 5 1 65.63
Day3 0 6 51 7 79.69
Day4 0 0 7 89 92.71
Test
Day1 28 4 0 0 87.50
82.95
Day2 3 11 0 0 68.75
Day3 0 0 13 3 81.25
Day4 0 1 2 21 87.50
D-Tree
Training
Day1 128 0 0 0 100
99.15
Day2 0 63 1 0 98.43
Day3 0 1 63 0 98.43
Day4 0 0 1 95 98.96
Test
Day1 32 0 0 0 100
95.45
Day2 0 15 1 0 93.75
Day3 0 0 15 1 93.75
Day4 0 0 2 22 91.67
5.4.2 Features Selection
The redundant or irrelevant features extracted from the previous processing can be removed
through feature selection techniques to optimize the combinations of features for improving
the classification performance and minimizing the computational cost for deployment. Feature
selection techniques include filter methods based on the assessments of the relevance of features
and wrapper methods based on the force search of different combinations of the feature space
[301]. In this section, we applied two algorithms named sequential forward selection (SFS),
and the Relief-based feature selection algorithms (Relief-F) to perform the feature selection
[302]. SFS is the heuristic selection algorithm, which starts with an empty set and combines one
best feature in each step with high accuracy by using a classifier until the pre-defined number
of features are added. Relief-F can offer a computationally efficient method to recognize the
interactions of features and calculate the feature weights between 0 and 1 to rank, and select
features without depending on the certain classifier [303].
Table 5.2 shows the classification results of different days for apple and mango slices with
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different feature selection algorithms and the number of selected features. The SFS and Relief-F
algorithms yield over 2% improvement for classification of days for apple and mango slices with
at least 12% features reduced out of the total of all extracted features. Interestingly, SFS with
D-Tree classifier obtains the optimal feature combinations including only three time-domain
and one frequency-domain features leading to about 2% improvement of accuracy for mango
slice, compared to the results of extracted features in Table . In addition, the execution time
obtain in Table 5.2 indicates that selected features have not only enhanced the computational
time but have also improved the classification accuracy considerably. The least improvement of
the execution time on classification is Relief-F KNN of a mango slice, 5.3%, and the most one
is SFS D-Tree of a mango slice which goes up to 69.2%.
5.5 Results and Discussions
Table 5.3 and 5.4 represents the confusion matrix and the classification accuracy for different
days with different classifier models, based on features selection using SFS method for both
training and test sets of apple and mango slices, respectively. For apple slice, the results illustrate
an accuracy increment of 10% for both SVM and D-Tree models compare to KNN model in
training set, whereas D-Tree model exhibits highest accuracy in the test set. Furthermore, for
mango slice, both SVM and KNN displays better accuracy compare to D-Tree model in training
set, and D-Tree model achieves the best accuracy in the test dataset.
The performance of classifiers is assessed by applying two quality classification metrics
including sensitivity (SENS) (also called true positive rate), and specificity (SPEC) [295, 304].
The value of SENS represents the probability of the target class identified correctly in the total
number of one target classes. Whereas, the value of SPEC expresses the probability of clas-
sifying the sample as non-target classes correctly in the non-target classes. The values of the
two-quality metrics are found in the range from 0 to 1.
Table 5.5 presents the performance of the proposed classifiers algorithms for different days
using SFS method and indicates the presence of MC in both apple and mango slices. It can be
observed that the D-Tree has shown substantial improvement in classification accuracy, indicat-
ing the freshness or staleness of both different slices. Furthermore, it is also depicted that the
assessment parameter values of the SVM classifier achieves better precision compare to KNN
for apple and mango slices. From Table 5.5, it is worth observing that the classification of the
days is equivalent to that of the percentage of the MC in the slices. It is due to this reason,
different MC value leads to the different absorption strength of terahertz radiation in samples,
which causes variations in the features for classification. Also, the results show that classifica-
tion accuracy on days 2 and 3 is slightly more challenging than for day 1 and 4, especially for
KNN classifier where the MC values falls in the range between 10% to 50%. It is because the
MC value of day 1 is very high (freshness), whereas on day 4 (almost dried out) is very low,
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Table 5.4: Confusion Matrix and Accuracy of Classifiers for training and Testing of Mango
Slice.
Slices
Classifier
Model
Sample
Test
Predicted Acc
days (%)
Overall
Acc (%)Days Day1 Day2 Day3 Day4
Mango
SVM
Training
Day1 127 1 0 0 99.22
97.73
Day2 0 61 3 0 95.31
Day3 0 4 92 95.83
Day4 0 0 0 64 100
Test
Day1 32 0 0 0 100
90.91
Day2 0 12 4 0 75.00
Day3 0 3 21 0 87.50
Day4 0 1 0 15 93.75
KNN
Training
Day1 128 0 0 0 100
98.30
Day2 0 61 3 0 95.31
Day3 0 2 94 0 97.92
Day4 0 0 1 63 98.44
Test
Day1 32 0 0 0 100
89.77
Day2 0 10 6 0 62.5
Day3 0 3 21 0 87.5
Day4 0 0 0 16 100
D-Tree
Training
Day1 128 0 0 0 100
92.61
Day2 0 57 7 0 89.06
Day3 0 18 78 0 81.25
Day4 0 0 1 63 98.44
Test
Day1 32 0 0 0 100
94.32
Day2 0 13 3 0 81.25
Day3 0 2 22 0 91.67
Day4 0 0 0 16 100
which leads to a clear separation of features in the feature space.
In a real-life application, it would be more convincing to obtain the classifier’s perfor-
mance by considering leave-one-observation-out-cross-validation technique for more accurate
estimation of MC in fruits slices on different days. This propose method can be more efficient
because in this process, each observation is randomly selected from the dataset as the validation
set, while the remaining observations are considered as the training set to generate the clas-
sifier model. The process is repeated until all the observations in the dataset are selected as
validation set once. The cumulative classification results of days are calculated from leave-one-
observation-out-cross-validation approach based on MC values of each day, as shown in Table
5.5. From table 5.5, it is found that the classification accuracy for day 1 and day 4 is nearly
100% which indicates the highest MC and the best freshness in day 1 and the lowest MC and
dehydration in day 4. For day 2 and day 3, the classifiers can provide the quantitative reference
based on MC value for the quality assessment of the fruit slices. Thus, the aim of applying the
proposed technique is to develop the consistency of classifiers by observing all observations of
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Table 5.5: Quality Performance Metrices and Classification Accuracy of Test Done with
Leave-one-observation-out Cross-Validation for Classification Evaluation of Days for Apple and
Mango Slices Related to MC Values.
Samples Classes
Quality Metrics MC
(%)
Test Accuracy (%)
SVM KNN D-Tree SVM KNN D-Tree
Apple
Day1
SENS 1 0.96 1
82.2 100 99.8 100
SPEC 1 0.93 1
Day2
SENS 0.99 0.68 1
37.8 95.8 80.0 100
SPEC 1 0.98 1
Day3
SENS 1 0.86 1
12.3 100 95.0 98.8
SPEC 1 0.96 1
Day4
SENS 1 0.93 1
0.50 100 96.7 100
SPEC 1 0.98 1
Mango
Day1
SENS 1 1 1
77.9 100 100 100
SPEC 1 1 1
Day2
SENS 0.80 0.71 0.86
48.7 89.5 81.3 98.8
SPEC 0.98 0.96 0.97
Day3
SENS 0.90 0.84 0.92
15.0 85.7 80.8 93.3
SPEC 0.94 0.93 0.97
Day4 SENS 0.96 0.95 1 0.24 100 99.3 100
both slices on different days.
5.6 Summary
This chapter presented the novel and non-invasive sensing technique for the quality assessment
of fresh of fruits by integrating ML with THz waves. For this purpose, scattering measure-
ments of both apple and mango slices were obtained using Swissto12 MCK system. Multiple
domain features such as time-, frequency-, and time-frequency domains were extracted and the
classification was performed to determine the MC in fruits slices using SVM, KNN and D-tree
classifiers. Results showed that by discarding unwanted features and applying comprehensive
cross-validation technique, classification accuracy was substantially improved which eventually
helped to reduce the computational time. Furthermore, it was perceived that, in most of the
cases, the SVM classifier based on RBF kernel outperformed KNN and D-Tree classifier for
both fruit slices. Thus, SVM demonstrated more precise quality assessments of fresh fruits by
determining their MC more precisely for four consecutive days.
The proposed technique demonstrates the strong potential in the discipline of food and
science technology by integrating ML with THz waves to assess real-time information of fruits
on different days at cellular level. For future research, more fruits slices will be considered to
extract additional features by employing their electromagnetic parameters for the identification
of different fruits in an automated and non-invasive manner.
Chapter 6
THz Detection of Impurities in Aqueous
Solutions Using ML
6.1 Introduction
In a rapidly developing and modern world, the importance and preservation of clean water with-
out any harmful impurities for the overall global health, environmental protection, and economic
development cannot be undervalued [305]. Providing sufficient and affordable water in a safe
and reliable way with limited resources is a huge challenge of mounting sternness as the demand
increases with a rising population [305, 306]. Also, fresh and unpolluted water is worsened by
climate transformations, more regular droughts in many parts of the word, and by water pollu-
tion, making it more demanding and costly to handle [305, 306]. Mostly, the general consensus
among the scientific community is that the emergence of infectious diseases such as tuberculo-
sis, measles, and other lethal illness, often detected and caused by microbiological and micro-
chemical contaminants in tap and drinking water sources, which cannot be detected by naked
eyes, leading to jeopardize the public health and safety [305–308].
6.1.1 Related Work
Hence, the aforementioned facts underline the imperative demand for the fast, reliable, secure,
and sensitive technological solutions and vitalization of resources for the precise detection and
regular monitoring of water contaminants in vulnerable population to discourage any short and
long-term health consequence [305–308]. In recent times, many researchers have put tremen-
dous efforts and suggested variety of directions [306] and technologies [308] to address the
substantial issues as discussed earlier. In this regard, significant achievements have been ob-
tained through the initiation of water quality sensors, micro-fluids sensors, model-based event
detection, advanced vibrational spectroscopy and miniaturized biosensors, and widely improved
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the water contamination detection qualitatively [307, 308]. However, these different approaches
have some advantages and limitations. For example, the deployment of numerous water qual-
ity sensors seems not very feasible due to high installation cost, time consuming, low response
detection and less reliability [305–308].
In addition, results from model-based event detection have indicated certain error rate
due to the low sensitivity, providing inadequate symptoms of contaminates in water [305].
Some researchers have also considered Infrared (IR) for the swift detection of impurities in
solvents [309, 310]. Though it has obtained considerable advancements and yield satisfactory
results [310]. However, there are some limitations and have mainly focused on the theoreti-
cal calculations to observe the characteristics of impurities added in solvents and absorption
features [310]. Thus, this technique is transpired as inappropriate and feasible for precise detec-
tion of contaminants in pure water at molecular level and have markedly minimize its suitabil-
ity [310].
Despite in-depth theoretical attempts and substantial significant advancements over the past
years, the microscopic frameworks leading to the numerous anomalies or contaminants of water,
often considered as the compact substance or a primary biological solvent, remain from being
fully comprehended by the researchers in physical and biological sciences [307–310]. Conse-
quently, the concerning effects of poor contamination technique instantly require developing a
more robust, qualitative, less operating costs, and high sensitivity quantification of contaminants
in solvents in a non-invasive manner [308, 310].
With this motivation and limitations found in previous techniques, this chapter proposes
a realistic method and application of FTIR enabled by ML [311] that can provide the approxi-
mate prediction and detection of even the smallest of contaminants in distilled water due to high
sensitivity and non-destructive nature and can also produce high optical throughput [310]. This
technology includes THz, which has achieved tremendous achievements in diverse field such as
diagnostic applications of dental and skincare medical imaging, invisible hazard and vulnerable
items, material characterizations, and telecommunications [125, 312–314]. For this purpose, an
integration of ML with THz can create a dynamic opportunity to uncover, measure, and thor-
oughly understand the data-intensive procedure in to minutely observe the absorbance spectra
of different solutions in aqueous solutions [313]. The significant contributions of this work are
as follows:
1. This chapter suggests a novel technique by employing a FTIR setup that provides a THz
frequency range of interest operating from 1 THz to 20 THz to precisely determine the
various solvents constituents’ characteristics in aqueous solutions non-invasively.
2. The proposed methodology also suggests the ML driven approach to proactively deter-
mine the presence of any anomalies or impurities in aqueous solutions in real time to
protect the environment, include early alerts to protect the public health, and reduce any
superfluous costs.
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3. In this study, by integrating THz with ML, we explore not only identifying the various
constituents’ in aqueous solutions, but also to determine the amount of impurities in each
constituent solution by establishing ML algorithm technique.
4. Finally, this paper presents a notable and distinctive contributions of THz technology with
ML in assessing the impurities in aqueous solutions at cellular level.
The rest of the chapter is organized as follows: Section 6.1.2 presents an experimental setup
that includes a sample preparation of various solvents in aqueous solutions. Section 6.2 explores
a data collection procedure and measurement results. Section 6.2.1 describes the feature extrac-
tion technique of the obtained data. Section 6.2.2 illustrates the various classification algorithm
methodologies to predict the proactive detection of anomalies in water quality. This is followed
by the explanation of feature selection technique 6.2.2 and 6.2.2 classifiers performance evalua-
tions section. Section 6.3 discuss the results analysis of regression and classification algorithms,
in terms of error rates and classification accuracy. Finally, section 6.4 describes the summary
towards the end.
Figure 6.1: Isometric schematic of Fourier Transform Infrared Spectroscopy (FTIR) system,
with the sample compartment above pointing the THz beam generated at the source, passing
through the TPx tube to assess the constituents of salt, sugar and glucose in aqueous solutions.
The observations for each sample ran unto 2 hours approximately.
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6.1.2 Methods and Materials
Method
In this experimental setup, a Bruker 66 V/S series FTIR system was employed to accomplish
the measurement of various constituent’s in aqueous solution as shown in 6.1 [328, 329]. FTIR
is a powerful analytical technique, providing a label-free, non-destructive method to show a
rapid behaviour for any redundant impurities in solutions. The system was equipped with a
DLaTGS/Polyethylene (PE) detector and a 6-micron Mylar beam splitter was employed to per-
form the measurements [328, 329]. The spectral distribution of the beam-splitter and detector
was 1–21 THz, and 0.3–21 THz, respectively [328]. To prevent any formation of the vacuum in
sample compartment, and absorption of THz power, Nitrogen (N2) gas was externally purged
into the sample compartment. However, some variations in different specimens was noticed and
reasons is explained in further section. The flow rate of N2 was set to 600 L/hr as specified in
FTIR system guidelines [11]. Owing to high transparency and zero losses in the THz spectrum,
a distinct device Polymethylpentene (PMP) commonly known as TPX tube was employed for
testing the various specimens. Considerable attention and precautionary measures were taken
to ensure that the sampling device is positioned in the same location every time in sample com-
partment to reduce the distortion in measurements [303].
Sample Details
In this study, three various specimens were considered for measurements including table salt,
pure sugar, and glucose. Salt and sugar were bought from Holland Barrett glucose was ordered
from Sigma-Aldrich, respectively. The list of all samples with different weight and concentra-
tions is shown in Table 6.1. To prepare a solution of every solvent, a 50ml of distilled water was
taken and mixed with different concentrations of salt, sugar and glucose such as 5%, 10%, 20%
and 30% using 6.1 [330, 331].
Conc =
gram
gram+50ml
×100 (6.1)
These solutions were prepared at room temperature set to 23°C by adding 2.63g, 5.5g,
12.5g and 21.4g to 5%, 20%, 30% and 30%, respectively. The weights of all specimens were
carefully calculated using an electronic scale with at least count of 0.1mg. Before placing mix-
ture into the TPX tube, solutions were properly stirred for 3 to 5 minutes approximately to
ensure they are being fully dissolved in distilled water. While filling the TPX tube filled with all
solutions, great attention was given so that it should be filled up to 11.6ml just in lined to beam-
splitter to obtain the maximum and accurate information. All the measurements were performed
at an atmospheric temperature of 23 °C.
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Table 6.1: Different samples with weights and concentrations.
Sample Weight in Grams Concentrations (%)
Table Salt (NaCl)
2.63g±0.1 5%±0.1
5.56g±0.1 10%±0.1
12.5g±0.1 20%±0.1
21.4g±0.1 30%±0.1
White Granulated Sugar
2.63g±0.1 5%±0.1
5.56g±0.1 10%±0.1
12.5g±0.1 20%±0.1
21.4g±0.1 30%±0.1
Glucose
2.63g±0.1 5%±0.1
5.56g±0.1 10%±0.1
12.5g±0.1 20%±0.1
21.4g±0.1 30%±0.1
6.2 Data Acquisition Procedure
In this work, the focus was mainly to observe the THz absorption spectra (AS) for three various
distinct solutions as explained earlier. These measurements were performed in Terahertz Labo-
ratory, at University of Glasgow with great care. The time taken for observing AS was 2 hours
in order to obtain maximum point data to minutely observe in the THz region for any impurities
added in distilled water. The number of data points calculated as 338 was collected for every
sample. During the measurement process which lasted for 120 minutes for every sample, and
2102 scans were obtained for each sample. The whole process was repeated for all three samples
and data was pre-processed using Matlab 2019a, whereas python was used for ML classification
in the form supervised learning. While performing the measurements, it was very important
to monitor the (N2) gas on regular basis to ensure the continuous flowrate to the compartment,
avoiding any irregular behaviour of constituents added in aqueous solutions. From Figure 6.2,
we have attempted to minutely observe the absorption spectra of molecular-scale dynamics of
distinguished constituents’ concentrations in aqueous solutions. In particular Figure 6.2, it de-
scribes the characteristics absorption peaks of different salts concentrations falling in the range
of 13 THz to 15 THz range markedly indicating a more sensitive frequency region for precise
detection of distinguished concentrations pattern reaching to 0.25, 0.17, 0.09, and 0.06 approxi-
mately for 5%, 10%, 20% and 30% concentrations, respectively.
However, considering the range from 15 THz to 17 THz, it can be observed though it has
distinct response for distinguished concentrations, but the peaks of absorption spectra for 5%,
10%, 20% and 30% are substantially lower than aforementioned range. This occurrence is at-
tributed to the high sensitivity and strong penetration feature of THz that has depicted diminutive
variations of salt concentrations in aqueous solutions at different region. Upon a close analysis
of Figure 6.3 and 6.4, it is also depicted that both glucose and sugar have exhibited a distinct re-
sponse for various concentrations in different THz region. Notably, sugar concentrations display
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Figure 6.2: the terahertz (THz) absorption spectra of salt constituents’ characteristics in aqueous
solutions in the frequency range of 0.8 THz to 18 THz
 
 
Figure 6.3: Terahertz (THz) absorption spectra of glucose constituents characteristics in aqueous
solutions in the frequency range of 0.8 THz to 18 THz
a more discernible response compare to glucose and this is clearly discovered by THz waves.
Furthermore, this prominent and distinguished results showed a distinctive characteristics and
functional properties of both sugar and glucose concentrations in aqueous solutions since sugar
is mainly compound of various synthesis whereas, glucose is considered to be pure. These results
reveal the significant influence of added ingredients in the aqueous solutions and interestingly,
and also provide a promising method of the rapid and effective identification of elements for the
various concentrations. However, the main objective of this study is also to establish a computa-
tionally competent and reliable method for estimating water quality variables using THz waves
that reduces labour and the cost of accurately measuring these labour these various parameters.
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Figure 6.4: Terahertz (THz) absorption spectra of sugar constituents characteristics in aqueous
solutions in the frequency range of 0.8 THz to 18 THz
For this purpose, ML algorithm [311] has been developed to identify any unknown irregularities
or anomalies in pure distilled water. In addition, it is also aimed to detect the exact amount of
concentrations of mysterious impurities added to the distilled water. Thus, an effective, auto-
mated, and precise quantitative detection of harmful contaminants at molecular level in water is
utmost of significance to provide early warnings to protect public health.
 
 
Figure 6.5: Identification of target response region (TRR) for the feature extraction process.
6.2.1 Feature Extraction Method
While taking the measurement, it was noticed that observations collected using FTIR setup were
appeared to be little irregular and unwanted excessive variations. The occurrence of this notice-
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Table 6.2: Significant Feature Extraction Techniques Using Time and Frequency Domain Fea-
tures.
Time-Domain Features Frequency Domain Features
Minimum 2 Special Entropy 3
Maximum 2 Spectral Power 9
Mean 2
Standard Deviation 2
Skewness 2
Kurtosis 2
25th percentile (Q1) 2
75th percentile (Q 3 ) 2
Range 2
Root Mean Square 2
Quartile 2
Total features 22 Total features 12
ably undesired and counterfeit observations may have given the fictitious information about any
impurities or concentrations level added into the aqueous solutions. Furthermore, useful obser-
vations would also have a fruitful impact on overall classification outcome. In addition, presence
of any imprecise minerals or chemicals in water can be highly harmful for overall public health.
In this regard, it was significant to discover the sensitive SFR as shown in Figure 6.5, in the THz
region with minimum intrusion of any external factors in the observations, contributing to obtain
the maximum information about the smallest particles of constituents in water. For this purpose,
specific region (SR) was established for each constituents’ samples ranging from 8 THz to 17
THz out of whole region. Within this specific region, absorption spectra peaks for low and high
concentrations can be easily discerned with little overlap [315].
Since the observations collected from setup was in frequency domain, so, it was converted
to time-domain region using an IFFT to initiate the possibility of acquiring the statistical fea-
tures of observations. Out of 338 features observations, 34 valuable features were extracted
collectively by looking at both frequency and time domain features, as shown in Table 6.2.
Time-domain features such as mean, STD, skewness and kurtosis were useful for distribution of
data, discovering any irregularities of examined area, and obtaining an evenness to a distribution
of data, respectively [261, 316]. Q3 and Q1 showed how the observation data were dispersed in
the two sides of the median [317, 318]. The statistical domain features proven to be helpful for
choosing most relevant and meaningful features, contributing to the accurate identification and
concentrations quantities in aqueous solutions [261, 317, 318]. In this study, frequency domain
features were also employed such as special entropy and spectral power. The block diagram of
the proposed classification system for different days based on multi-domain features extraction
approach is shown in Figure 6.6.
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Figure 6.6: The methodological approach of proposed algorithm implementation process.
6.2.2 Classification Methodology
In this research, four classification techniques were considered used namely, SVM, KNN and
random forest (RF), and decision tree (D-tree) [319]. In this study, considering the measure-
ments obtained using THz waves, two scenarios have been considered and developed a classifier
model for them. The concept behind the formulation of these two scenarios is to adapt the real-
life situations where the purity of water is extremely essential for the safety of human health.
Considering this significant issue, the performance of all four classifiers were analysed and
tested for accurate identification of impurities and to trace the specific amount of constituents’
concentrations in aqueous solutions for the given data. For this purpose, the measured dataset
was randomly separated into training and testing with division of 70% and 30%, respectively.
For this purpose, Python SciKit library was used as it has been widely utilized in data-
science discipline [320]. All the measurements data was converted into CSV format so that they
can be easily processed by Scikit library. The dataset for different constituents with various
concentrations are properly labelled to execute the supervised ML technique. In this regard,
10-fold cross validation technique was considered to critically analyse ML algorithms where
each dataset are examined as test data and the remaining were taken as training data and this
process was continued until all dataset are tested, resulting in the average results across all the
repetitions.
In comparison to other ML techniques, the KNN algorithm is well-known for its simplicity
and ease of operation [321]. This technique operates by evaluating the testing data to the train-
ing data. In this scenario, K sample are assigned to a feature of training data and subsequently,
testing data is allocated to k sample that closely matches the new data. Thus, tuning this funda-
mental parameter of k-sample plays a significant role in achieving the ultimate performance of
this classifier [321–323]. Furthermore, the SVM operates mainly on two classes and is formally
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defined by dividing hyper-plane as a discriminatory classifier. The hyper-plane acts as a decision
borderline for classification of datasets between two classes. Equation 6.2 represents how the
SVM operates [323].
w̄ ·u+ b̄ > 0
w̄u+ b̄ < 0
(6.2)
In above equation,‘w’ indicates the weight vector, ’u’ displays the input vector and b de-
notes a constraint. Furthermore, random forest is a set of trees for making decisions [319]. Every
tree allows performance prediction by searching for features found during the training process.
The majority of prediction is the final prediction for the Random Forest [319].
Feature Selection
In applications such as performing the measurements and dealing with various instruments, pos-
sibility of some superfluous and extraneous features is increased which may result in lowering
the classification performance. Therefore, it was essential to eliminate those features in order
to enhance the classification performance of proposed classifiers as well as reducing the com-
putational costs for deployment. To do so, three feature selection techniques namely, sequen-
tial forward selection (SFS), and Relief based selection algorithm (Relief-F) which are widely
used are considered to accomplish the feature selection procedure [325]. In SFS method, at the
start, empty features are being replaced by some noticeable features which helps to enhance the
overall accuracy [325]. Compare to SFS, Relief-F can present a relatively effective approach
by considering the function relationships for evaluating the weights of features for appropriate
classification and selection instead of relying on different classifiers [326].
Just as precision and recall, individually, are incapable of covering all key aspects of accu-
racy, thus, F1-score employ the cumulative mean approach to show their performances. By this
way, all aspects are considered and demonstrate the overall accuracy. The higher the score, the
better the accuracy. Applying these feature selections has considerably yield an improvement of
5%, 4%, 7% and 3% in RF, SVM, D-Tree and KNN, respectively. Furthermore, the additional
advantage of feature selection is the further reduction of overall number of features needed for
the optimal set, hence computation weights is also optimized for optimal results.
Evaluation of Classifiers Performance Metrices
In this section, the performance of all proposed classifiers was evaluated by using four com-
monly metrices such as, accuracy, precision, recall (also known as true positive), and F1-
score [327]. Table 6.3 presents the list of classifier performance metrices. Here, precision
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Table 6.3: Metrices used for the performance evaluation of Classifiers.
Metrices Formulas
Precision T PT P+FP
Recall T PT P+FN
F1-score 2x Precision* RecallPrecision + Recall
metric is employed to evaluate the precision of one of the classifications relative to all other clas-
sifications. In addition, recall or sensitivity values shows the possibility of occurring accurate
classification of categorised classes from the remaining classes. Finally, F1-score is normally
employed to obtain the average between the Precision and Recall metrices. In this study, the
key objective of using these commonly agreed metrices was primarily to detect any potential
mis-classification, resulting in inaccurate details about the presence of impurities in aqueous so-
lutions [327].
6.3 Results and Discussions
This section presents the metrics evaluation of classifiers technique using various feature selec-
tion techniques. It is perceived that after selecting the relevant features, execution time taken
by classifiers for performing ten-fold cross-validation was considerably reduced. The ten-fold
cross-validation is also more suitable for the given phenomena because the data-set is not very
large and is often the reality with water quality data-sets. In cross-validation, the data is sep-
arated into k subsets and is repeated overall the available data-sets, given that K-1 subsets as
training set and 1 subset as testing set. Though, due to iterations, this method is considered
as computationally intensive technically challenging, however, it is seemingly suitable for the
given data. Table 6.4 depicted the quality metrices performance for all proposed classifiers rang-
ing from 0 to 1, indicating the estimation of impurities solutions detection added to the aqueous
solutions.
By analysing the results, it can be noticed that RF showed a higher accuracy 84.74% for the
identification of unknown ingredients in aqueous solutions followed by KNN, D-Tree and SVM,
D-Tree and KNN, with 80.08%, 78.81%, and 74.57%, respectively. Intriguingly, the assessment
of metrices for the sugar displayed an effective performance, showing 1 for all classifiers except
RF, revealing that sugar is compound of other ingredients. The obtained results by KNN model
also shows adequate performance considering the absorption spectra of glucose and sugar in
different concentrations as both glucose and sugar molecules broadened in aqueous solutions.
Furthermore, despite the distinctive complexities and chemical dynamics emanating from bio-
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Table 6.4: Classification Performance of all three Classifiers using Tenfold Cross Validation
Classification Performance by Applying Tenfold Cross Validation
Classifier Algorithm Solvent
Quality Metrices
Accuracy %
Precision Recall F1-Score
Random Forest
Glucose 0.74 0.82 0.78
84.74%Salt 0.61 0.64 0.62
Sugar 0.67 0.71 0.69
SVM
Glucose 0.61 0.64 0.62
74.57%Salt 0.67 0.64 0.65
Sugar 1.00 1.00 1.00
D-Tree
Glucose 0.67 0.71 0.69
78.81%Salt 0.73 0.69 0.71
Sugar 1.00 1.00 1.00
KNN
Glucose 0.68 0.74 0.71
80.08%Salt 0.75 0.69 0.72
Sugar 1.00 1.00 1.00
molecular vibrations and constituents of distinct solvents, the evaluation of classifiers can be
deemed as relatively efficient and is certainly above the alarming stage. Considering a real-life
scenario, the proposed classifier methodology can be substantial by using the amalgamation of
highly sensitive and good penetration feature of THz with ML approach to detecting the conta-
gious contaminants in pure water.
The proposed study, in addition to discovering unknown contaminants in aqueous solu-
tions, also quantifies and unravel the estimate prediction of quantity of contaminants added in
aqueous solutions. For this purpose, classifiers model was developed, and their efficiency was
assessed using the quality metrices. Upon a close inspection of results attained in Table 6.5, 6.6,
and 6.7, it was noticed that RF showed relatively enhanced performance compared to other algo-
rithms, showing 97%, 95% and 85.24% for salt, glucose and sugar concentrations, respectively.
Also, despite having virtually molecular configuration and morphological structure of glucose
and sugar, all classifiers as observed, proved to have reasonable predictions of different concen-
trations levels for both glucose and sugar in aqueous solutions, ranging from 87.02% to 96.61%
as shown in Table 6.5. For salt concentrations, RF outperformed other algorithms, showing a
prediction accuracy of 97.98% for distinct concentrations in aqueous solutions. Hence, it was
concluded that the Random Forest yields considerable reliability and promising accuracy results
in both scenarios, recognizing the substances as well as its precise concentrations solutions in
aqueous solutions compared to other classifiers.
However, some limitations can adversely affect the machine learning algorithms, resulting
in degrading the overall performance. This unintended situation appeared to have rarely oc-
curred because of selecting inadequate variables due to its high intricacy. Nonetheless, machine
learning based models are still a feasible substitute to the physically dependent modelling in
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Table 6.5: Classification Performance of KNN by Applying Tenfold Cross Validation
Performance of KNN by Applying Tenfold Cross Validation
Solvent Conc.
Quality Metrices
Accuracy %
Precision Recall F1-Score
Salt
5% 1.00 0.84 0.91
81.53%
10% 1.00 0.77 0.87
20% 0.80 0.80 0.80
30% 0.61 0.85 0.71
Sugar
5% 1.00 0.97 0.98
96.61%
10% 1.00 0.97 0.98
20% 0.93 0.96 0.95
30% 0.93 0.97 0.95
Glucose
5% 1.00 0.86 0.93
87.02%
10% 1.00 0.87 0.80
20% 0.71 0.91 0.80
30% 0.85 0.84 0.84
Table 6.6: Classification Performance of SVM by Applying Tenfold Cross Validation
Performance of SVM by Applying Tenfold Cross Validation
Solvent Conc.
Quality Metrices
Accuracy %
Precision Recall F1-Score
Salt
5% 1.00 0.84 0.91
86.59%
10% 1.00 0.81 0.89
20% 0.88 0.90 0.88
30% 0.87 0.93 0.89
Sugar
5% 0.86 0.97 0.92
93.11%
10% 0.95 0.89 0.92
20% 0.94 0.98 0.96
30% 1.00 0.87 0.93
Glucose
5% 0.92 0.95 0.94
96.88%
10% 1.00 0.96 0.98
20% 0.89 0.95 0.92
30% 1.00 0.97 0.99
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Table 6.7: Classification Performance of D-Tree by Applying Tenfold Cross Validation
Performance of D-Tree by Applying Tenfold Cross Validation
Solvent Conc.
Quality Metrices
Accuracy %
Precision Recall F1-Score
Salt
5% 1.00 0.84 0.91
82.10%
10% 1.00 0.78 0.88
20% 0.81 0.81 0.81
30% 0.62 0.85 0.72
Sugar
5% 1.00 0.97 0.98
93.01%
10% 1.00 0.97 0.98
20% 0.93 0.96 0.95
30% 0.93 0.97 0.95
Glucose
5% 0.95 0.97 0.96
95.51%
10% 1.00 0.96 0.98
20% 0.98 0.95 0.93
30% 1.00 0.97 0.99
predicting the realistic scenarios, where small error can be fatal to the public health and safety.
Keeping this mind, in this study, the strong aim of applying cross-validation technique was to
evaluate the consistency of proposed classifiers by minutely assessing the absorption spectra
characteristics of different substances concentrations in aqueous solutions, providing real-time
monitoring of unknown substance, and can detect early symptoms of contamination’s in water.
Furthermore, these preliminary results obtained from the amalgamation of ML with THz waves
have the potential to curtail any microbiological contaminants in aqueous solutions and mitigate
their harmful effects on human health.
6.4 Summary
In this research study, the use of non-invasive THz feature and ML enabled optimized techno-
logical solution was presented to detect various substances and their distinct concentrations in
aqueous solutions. In this process, the FTIR system measured the absorption spectra and char-
acteristics of salt, sugar and glucose solutions with varying levels for two hours and collected
338 data points for every specimen and regarded them as features. Since the observations were
recorded at laboratory, there might be the possibility of some distortion in measurements. To
prevent this, we performed features selection to discard any spurious that may yield forged ob-
servations of substance concentrations in aqueous solutions, given the public protection. The se-
lection of meaningful and significant features drastically enhanced the classifier performance for
detecting the substance solutions in aqueous solutions. Furthermore, the comprehensive cross-
validation methodology exhibited in most cases, RF model showed reliability, and achieved
highest classification accuracy in identifying the salt solutions and its quantity in aqueous so-
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lutions, compared to other classifiers. Moreover, KNN, D-Tree and SVM displayed substantial
performance particularly for sugar and glucose concentrations in aqueous solutions.
These preliminary results showed a notable relationship of THz waves with ML techniques.
It also fully reveals the significant influence of ML and its process reliability in terms of detecting
the substance solutions as well as their concentrations in aqueous solutions. The outcome of
this work has the potential to a play vital role by providing unprecedented and cost-effective
opportunity in real-time monitoring to enhance a detection of impurities in water and potentially
contribute to the protection of public health.
Chapter 7
Conclusion, Future Work and Challenges
7.1 Conclusion
The THz technology has captivated interests of numerous scientists and driven many researchers,
as scientists, horticulturists, plant physiologists, and biochemists from diverse disciplines due to
strong penetration and non-invasive characteristics and pervasive properties of THz. Due to
these distinctive and unique features, it has attained significant contributions in diverse field
applications such as the imaging of unseen hazard items, material characterisation, diagnostic
applications including treatment of skin and dental care, effective and quality control of food,
and telecommunication. Although, the study of THz in plant science sector is at infant stage
and its potentials to propagate satisfactorily through plants is still of one of the least examined
research areas until now.
In this thesis, the overarching aim was to highlight the notable contributions and advance-
ments of THz technology and its strong utility in monitoring the health status of living plant
leaves by studying the biological and physiological traits as well as observe the internal mor-
phological characteristics of plant leaves at cellular level. In this regard, a novel and non-invasive
technique for characterising the WC, and in turn the health of plant leaves was proposed using
THz waves. Since plant leaves comprise of a composite biological structure of tissues, dis-
tinct bio-molecules like cellulose and synthesis compounds including proteins, carbohydrates
and many other molecular weight compounds. However, the main focus was to determine the
precise amount of WC of various leaves because it is not only an essential component but an
important nutrient to the process of photosynthesis, and transpiration in the overall process of
growth.
Based on the aforementioned aim, an experiment was performed on eight different leaves
and the electromagnetic properties of all leaves were determined for four consecutive days
through the measured scattering parameters using a material characterization Kit. The electro-
magnetic parameters are measured in simple, fast, and non-invasive manner using THz material
characterisation kit. Moreover, the weight and thickness of the leaves were also recorded at the
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same time. observed that the leaves became increasingly transparent to the THz waves through
the course of four days experiment, Similar decaying trends were observed in the peak values
of the real part of the extracted relative permittivity as the decreasing weight due to loss of WC.
Moreover, The structural integrity and configuration of leaves were also considered by employ-
ing two polytetrafluoroethylene (PTFE) caps which were fitted internally to the waveguide. In
this process, a notable correlation between electromagnetic parameters with WC in leaves was
determined i.e., change in the WC of leaves was reflected in the electromagnetic parameters at
certain frequencies.
Furthermore, In this study, ML was introduced with an integration of THz for the proactive
and precise detection of WC in plant leaves to drive and sustain overall crops productivity in
an advanced agricultural system. In this regard, it was aimed to assess the performance of the
proposed ML algorithm with the incorporation of THz for real-time applications in monitoring
any diminutive variations of WC in plants leaves to help in developing digital agricultural sys-
tems.The findings obtained from an attempt to integrate ML using THz demonstrated the strong
potential for assessing the real-time information and precise estimation of WC in various plants’
leaves. The proposed approach showed a strong prospect to provide prolific recommendations
and insights for growers to take proactive actions in relations to plants health monitoring. The re-
sults in chapter 4 demonstrated that SVM outperformed other classifiers using tenfold and leave-
one-observations-out cross-validation for different days classification with an overall accuracy
of 98.8%, 97.15%, and 96.82% for Coffee, pea shoot, and baby spinach leaves respectively. In
addition, using SFS technique, coffee leaf showed a significant improvement of 15%, 11.9%,
6.5% in computational time for SVM, KNN and D-tree. For pea-shoot, 21.28%, 10.01%, and
8.53% of improvement was noticed in operating time for SVM, KNN and D-Tree classifiers,
respectively. Lastly, baby spinach leaf exhibited a further improvement of 21.28% in SVM,
10.01% in KNN, and 8.53% in D-tree in overall operating time for classifiers. These improve-
ments in classifiers produced significant advancements in classification accuracy, indicating a
more precise quantification of WC in leaves.
In addition, in this work, a feasible, non-invasive method was also proposed for the accurate
detection MC in fruits at cellular level in an automated fashion to maintain a healthy sensory
characteristic of fruits. Result have shown that our state-of-the-art technique can be strong
prospect for automatic assessment of fruit freshness , which in turn, can help in reducing the
health and purification expenses, and optimize economic benefits by maintaining the nutrients
level and MC in fruits. The results in chapter 5 illustrated that the performance of SVM exceeded
other classifiers results using 10-fold validation and leave-one-observation-out-cross-validation
techniques. Moreover, all three classifiers exhibited 100% accuracy for day 1 and 4 with 80%
MC value (freshness) and 2% MC value (staleness) of both fruits’ slices, respectively. Similarly,
for day 2 and 3, an accuracy of 95% was achieved with intermediate MC values in both fruits’
slices. This study will pave a new direction for the real-time quality evaluation of fruits in a non-
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invasive manner by incorporating ML with THz sensing at a cellular level. It also has a strong
potential to optimize economic benefits by the timely detection of fruits quality in an automated
fashion.
Lastly, the thesis suggested a technological solution for for the water quality detection
using THz waves. Since water is considered to be the most essential and vital resources to
maintain healthy status of plant leaves for the effective and sustainable progress in agricultural
field, therefore, the timely delivery to the vegetation field and efficient use to protect the public
and environment health with no intrusion of harmful impurities, safe, reliable manner is one of
huge challenge amid to the ongoing climate transformations. To address this significant issue,
non-invasive technological solution was presented that can provide the approximate prediction
and detection of even the smallest of contaminants in distilled water due to high sensitivity and
non-destructive nature and can also produce high optical throughput. The ML driven technique
employed a FTIR system that operates in a THz frequency range of interest operating from
1 THz to 20 THz to precisely determine the various solvents constituents’ characteristics in
aqueous solutions non-invasively. The suggested technique has a strong potential to proactively
determine the presence of any added impurities in aqueous solutions in real time to protect the
environment, include early alerts to protect the public health, and reduce any superfluous costs.
The results demonstrated that RF obtained a higher accuracy of 84.74% in identifying the
substance in aqueous solutions. Moreover, it was also found that RF with 97.98%, outperformed
other classifiers for estimation of salts concentration added in aqueous solutions. However, for
sugar and glucose concentrations, SVM exhibited a higher accuracy of 93.11% and 96.88%,
respectively, compared to other classifiers. Thus, proposed technique incorporating ML with
THz waves, may be significant in providing an efficient, cost-effective and real-time monitoring
for water quality detection system.
7.2 Future Work
In line with the work presented, the future research directions which would make potential and
natural progression to complete the studies in the thesis are summarised:
7.2.1 Mathematical modelling of leaf
In this study, we have obtained electromagnetic measurements of various leaves using scattering
parameters which indicate the health status of leaves by showing distinct response. This work
can be further extended and validated by obtaining the simulation model of particular leaf and
observe the scattering parameter by applying THz waves. This proposed approach can further
help to enhance both reliability and credibility of technique used for determining the electromag-
netic parameters in THz region to minutely observe the inter-morphological biological traits and
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characteristics of different leaves at cellular level. By comparing the practical measurement of
plant leaves with in-line mathematical model of leaf will provide rich recommendations and in-
sights about the electromagnetic properties of leaf at THz with the ultimate scope of studying
the behaviour of leaves in more detail.
7.2.2 Recognition of species
Although researchers have proposed various techniques to discover the distinctive features of
plants leaves and have achieved considerable progress. However, a novel electromagnetic tech-
nique can be introduced using THz waves for the recognition of diverse plant leaves by in-
vestigating their structural behaviour and complex traits at cellular level. In this regard, It is
envisioned that this innovative approach will not only help to accurately identify the spectral
plant features which may correlate with specific plant stresses, and would be integral to closely
monitor the future development life support systems in current spaceflight climate.
7.2.3 Interaction of THz with more specimens
We have performed measurements for plants leaves and for the detection of impurities in water.
These specimens can be further increased by adding more specimens to validate the proposed
technique. With the comprehensive measurements of additional specimens, interaction of THz
with diverse specimens can be established to study and investigate the behaviour and their re-
sponse in different THz region. Therefore, it would be appropriate to perform the experiments
on further samples to get the parameters of interest.
7.2.4 Safety issues: Heating of THz wave is significant concern
While using the MCK to determine the material properties of different living plants leaves from
scattering parameters, overheating of system has been a major concern. The occurrence of ex-
cessive heating of system that generate THz waves may have precipitated some random noise,
resulting in fictitious findings of the species and have ultimately affect the health of leaves.
Therefore, the study of THz wave heating affects on the health of plants can be another sub-
stantial prospect for future research direction as it may reveal its consequences which could be
detrimental to tissue of leaves, eventually, affecting the crops productivity and economy.
7.2.5 Challenges
The THz non-destructive detection technology in food inspection and water (such as juice, bev-
erages, and alcohol) contamination detection is emerging as a new area of study. With unique
superiority, the THz technology has attracted many researchers in this field. This field has made
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great progress, however, it is still at an initial stage and there are still many challenges that need
to be addressed. Some of the most important challenges are given as follows:
Distraction and Absorption of Water
THz non-destructive detection for food and water contamination detection is limited by water
thanks to the firm absorption of THz radiation by water. Therefore, a major challenge is the
overwhelming fading of THz radiation by water molecules. For example, in food detection THz
technology is not appropriate for detecting high humidity products with a thickness greater than
1mm. The inability of THz technology to detect the bio-molecular interactions in solution is the
major hurdle facing terahertz further applications. Methods for overcoming this challenge are
given in the following research.
One method that applies to both food and water contamination is THz-TDS [138]. The
THz-TDS system can obtain the amplitude and phase information of the THz pulse simultane-
ously [196]. Moreover, by applying the Fourier transform on the time waveform, the optical
parameters of the specific sample can be directly acquired such as the absorption coefficient and
refractive index. For food detection, many researchers proposed several methods using a broad-
band THz system or performing the measurement in the low-frequency terahertz region [147].
For water contamination detection, a method with reflective pulsed terahertz tomography is pro-
posed in [184].
Low Penetration Depth
Another challenge of THz technology is the low penetration depth of THz radiation, especially
measuring the liquid and meat products. This problem can be addressed using the penetration-
enhancing agents, the use of graphene composite, and strengthening the intensity of terahertz
source. In [49], it presented that the penetration depth can be enhanced using penetration-
enhancing agents. In [133], it was demonstrated that a new graphene composite with a double
circular metal ring array deposited on graphene can boost the terahertz absorption. THz power
enhancement is also an effective way to increase penetration depth [186].
Scattering Effects
Scattering effects is also a common problem in THz-TDS transmission measurements of solid
state samples, especially for irregular granular samples. To reduce or remove the scattering
effects, plasma and meta-material are used. In addition, some better algorithms can also be used,
such as wavelet transform and Monte Carlo method, to extract spectral data to minimize the
scattering effects. A novel method by coating plasma and meta-material is presented to reduce
the scattering effects of target, which has a better performance than coated with plasma [142].
Also, a modified Monte Carlo method is utilized to exclude or reduce the scattering effects [157].
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More Compact Systems at Higher Powers
With the requirements of integration and miniaturization, the demand for significant power and
the higher dynamic range of THz application system is of immense-importance. To overcome
this challenge, it needs an extensive literature review and more adequate and viable techniques.
Due to the available THz sources operating at high power, substances and materials which par-
tially absorb THz radiation or wider bodies can be explored.
Appendix A
Snapshot of Systems
Figure A.1: Snapshot of real system measuring the WC of leaves using THz waves in the fre-
quency range of 0.75 to 1.1 THz.
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Figure A.2: Snapshot of system measuring the MC in fruits using THz waves in the frequency
range of 0.75 to 1.1 THz.
Figure A.3: Snapshot of FTIR system measuring the impurities in salt, sugar and glucose con-
centrations solutions using THz waves
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